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Signal processing and analysis has been extensively used in the
field of neuroscience. For example, (semi)automatic brain-
based systems have been increasingly used in various medical
applications such as in disease prevention, detection, and
diagnosis, rehabilitation, smart education environments, se-
curity and authentication, and biometry. $ese systems are
suggested in the literature as accurate, fast, complementary,
and alternative tools to aid specialists in their decision-
making, by facilitating the analysis and interpretation of
brain signals, and to reduce and/or eliminate errors.

$e main objective of this special issue was to promote a
discussion on the recent advances related to brain signal
analysis, both in terms of novel methods and applications, in
order to identify potential contributions to the field of
neuroscience. $is special issue of the Computational In-
telligence and Neuroscience journal contains 13 original
works selected from the 28 submitted. Hence, the selected
studies address new trends in methods and techniques
applied to different neuroscience applications.

In the first article, Á. Tepper et al. analyzed different
power spectrum density methods with the aim to select one
that minimizes the calculation time to be used in real time
during deep brain stimulation surgery, concluding that the
optimum method to perform the real-time spectral esti-
mation of the beta band from the microelectrode recording
signal is Welch with Hamming windows of 1.5 seconds and
50% overlap.

$e second article, by J. Zhang et al., proposes a sem-
isupervised learning sparse representation classifier with an
average coefficient method that performs the classification
using the average coefficient of each class, instead of the
reconstruction error, and selectively updates the training
dataset using new testing data, to improve the performance
of the sparse representation classifier.$e proposed classifier
achieved a better performance than the other three semi-
supervised learning methods adopted for the comparison
purpose.

$e third article, by M. A. Porta-Garcia et al., proposes a
framework for characterization of phase synchrony relation-
ships between multivariate neural time series applied in EEG
signals from P300 speller sessions of four subjects, relying on a
proposed clustering algorithm, termed “multivariate time
series clustering by phase synchrony.” $e proposed solution
is able to observe dynamics of phase changes and interactions
among channels and can be applied to analyze other cognitive
states rather than ERP vs. no event-related potential.

In the fourth article, J. W. M. de Souza et al. propose an
approach to measure the similarity between the exam
template and the handwritten trace of a patient following the
exam template. $e proposed solution uses the structural
cooccurrence matrix to calculate how close the handwritten
trace of the patient is to the exam template and is combined
with Näıve Bayes, OPF, and SVM classifiers, showing to be a
promising tool for the diagnosis of Parkinson’s disease.
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$e fifth article, by J. Yoon et al., explored the perfor-
mance of a convolutional neural network on event-related
potential (ERP) data to identify the key features that dis-
tinguish illiterates of the ERP speller system, in which the
P700 peakmay be the key feature of ERP as it appears in both
illiterate and nonilliterate subjects.

In the sixth article, R. Munoz et al. describe a new
method by means of metaheuristics based on the black hole
algorithm to improve EEG-based emotion recognition,
using the MAHNOB HCI Tagging Database, showing that
the black hole algorithm used to optimize the feature vector
of the support vectormachine classifier obtained an accuracy
of 92.56% over 30 executions.

$e seventh article, by E. Modica et al., investigates
cerebral and emotional reactions during the interaction with
food products by EEG and autonomic activities, as caused by
the cross-sensory interaction across a number of different
products. $e study has the obvious limitation of the
number of the food packaging products tested, although the
sample size of participants was sufficient to reveal significant
statistical effects.

In the eighth article, I. Xygonakis et al. propose a
multiclass brain-computer interfaces decoding algorithm
that uses EEG source imaging, a technique that maps scalp
potentials to cortical activations, in order to compensate for
low spatial resolution of EEG. $e authors obtained a mean
accuracy increase of 5.6 % with respect to the conventional
application method of a common spatial pattern on sensors.

$e ninth article by E. Modica et al. evaluated the ce-
rebral and emotional reaction to the exposure to selected
antismoking public service announcements images in an
adult sample, which have already been shown to be effective
and ineffective for the promotion of an antismoking
behaviour.

$e tenth article, by H. Jin et al., proposes a method to
identify motion intention of different walking states under
normal environment, by using the functional near-infrared
spectroscopy technology in twenty-two healthy subjects to
walk with three different gaits (small step with low speed,
small step with mid-speed, and mid-step with low speed),
presenting a mean recognition rate of 78.79%.

In the eleventh article, S. Guan et al. describe a novel
scheme that combines amplitude-frequency information of
intrinsic mode function with a common spatial pattern,
namely, AF-CSP, to extract motor imagery features and
improve the classification performance. $e second-
generation nondominated sorting evolutionary algorithm
is used to tune hyperparameters for linear and nonlinear
kernel one versus one twin support vector machine. $e
proposed method is promising to achieve higher accuracy in
brain-computer interface systems.

$e last article of the special issue, by C.-H. Kuo et al.,
proposes a novel and practical P300-based hybrid stimulus-
on-device brain-computer interface architecture for wireless
networking applications. $e authors showed that, for five
subjects, the performance of classification and information
transfer rate were improved after calibrations, for instance,
86.00% and 24.2 bits/min before calibrations and 90.25%
and 27.9 bits/min after calibrations.
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Classification of motor imagery (MI) electroencephalogram (EEG) plays a vital role in brain-computer interface (BCI) systems.
Recent research has shown that nonlinear classification algorithms perform better than their linear counterparts, but most of them
cannot extract sufficient significant information which leads to a less efficient classification. In this paper, we propose a novel
approach called FDDL-ELM, which combines the discriminative power of extreme learning machine (ELM) with the re-
construction capability of sparse representation. Firstly, the common spatial pattern (CSP) algorithm is adopted to perform spatial
filtering on raw EEG data to enhance the task-related neural activity. Secondly, the Fisher discrimination criterion is employed to
learn a structured dictionary and obtain sparse coding coefficients from the filtered data, and these discriminative coefficients are
then used to acquire the reconstructed feature representations. Finally, a nonlinear classifier ELM is used to identify these features
in different MI tasks. .e proposed method is evaluated on 2-class Datasets IVa and IIIa of BCI Competition III and 4-class
Dataset IIa of BCI Competition IV. Experimental results show that our method achieved superior performance than the other
existing algorithms and yielded the accuracies of 80.68%, 87.54%, and 63.76% across all subjects in the above-mentioned three
datasets, respectively.

1. Introduction

.e brain-computer interface (BCI) is a system that allows
its users to use their brain activity to control external devices
which are independent of peripheral nerves and muscles
[1, 2]. Motor imagery- (MI-) based sensorimotor rhythm
(SMR) analysis, including mu (8–14Hz) and/or beta (15–
30Hz) rhythms, recorded from the scalp over the sensori-
motor cortex, is one of the widely used methods in the BCI
field [3, 4]. However, these MI signals are highly non-
stationary and inevitably contaminated with noise, and
meanwhile, they strongly depend on subjects [5].

Sparse representation (SR), originally proposed by
Olshausen et al. [6], attempts to simulate the working
mechanism of primary visual cortex in the human visual
system. .e basic idea is to represent the data as a linear
combination of atoms in a dictionary, whose requirement is
that the coefficients are sparse, i.e., they contain only a small

number of nonzero elements. In the last two decades, SR has
been widely studied for reconstruction, representation, and
compression of high-dimensional noisy data, such as
computer vision, pattern recognition, and bioinformatics
[7–9]. Recently, the SR techniques have also yielded
promising results in the BCI systems [10–15]. Although SR is
a powerful tool to reconstruct the originals from noisy and
imperfect data, using the original training samples as the
dictionary may not fully exploit the discriminative in-
formation hidden in the training samples. To address the
problem, Yang et al. [16] proposed a Fisher discrimination
dictionary learning (FDDL) framework to learn a structured
dictionary and had good reconstruction capability for the
training samples, yielding a 3.2% improvement over the
sparse representation-based classification (SRC) algorithm
on AR datasets in face recognition.

Recently, Huang et al. developed a new efficient learning
algorithm called extreme learning machine (ELM) [17, 18]
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for training single-layer feedforward neural networks
(SLFNs), featuring faster learning speed and better gener-
alization capability in comparison with the well-known back
propagation (BP) neural networks and support vector
machines (SVMs). ELM has been applied to pattern rec-
ognition tasks in the BCI systems and has shown superior
performance over traditional classification approaches
[19–22]. In light of this advancement, efforts have beenmade
in developing algorithms to integrate ELM and SR, thus
exploiting the speed advantage and discriminative power of
ELM and the antinoise performance and reconstruction
ability of SR. A recent approach called extreme sparse
learning (ESL) has been proposed in [23], which simulta-
neously learns sparse representation of the input signal and
trains the ELM classifier. In the study by Yu et al. [24], the
sparse coding technique is adopted to map the inputs to the
hidden layer, instead of the random mapping used in classic
ELM. Other ELM-SR hybrid models were also extensively
studied, in which the ELM classifier is firstly employed to
estimate noisy signals, and then a further identification for
the estimated signals is carried out using the SRC algorithm
[25–27].

Most of the existing ELM methods employ a single
hidden layer network structure. While benefitting from
a relatively fast training speed, it is well known that for
a single hidden layer network, the training sample is always
the original training sample set, which could limit the
robustness of the network. Furthermore, due to its shallow
architecture, feature learning using SLFNs may not be
effective for natural signals (e.g., EEG). To incorporate
a deeper network structure, a hierarchical-extreme learning
machine (H-ELM) method has recently been developed,
which allows for a layer-wise architecture design, and have
shown to yield great classification performance [28]. In
addition, multilayer structure has been extended into ELM
in [29, 30] as well. Inspired by these works, we propose
a new layer-wise structure framework called FDDL-ELM,
which combines the idea of SR with ELM to learn a pow-
erful nonlinear classifier. .e proposed method first em-
ploys the Fisher discrimination criterion to learn
a structured dictionary. With the learned dictionary, more
discriminative sparse coding coefficients can be obtained,
and more robust feature information can be extracted.
Subsequently, the ELM classifier is utilized to discriminate
the extracted features. .e classification accuracy of the
proposed method has been manifested by several bench-
mark datasets, as well as 2-class and 4-class real world EEG
data from BCI Competition III Datasets IVa and IIIa and
BCI Competition IV Dataset IIa.

.e rest of the paper is organized as follows: Section 2
presents a brief introduction to basic ELM and FDDL and
provides detailed description of the proposed FDDL-ELM
algorithm. Section 3 evaluates the performance of the
FDDL-ELM method through a series of experiments on
several benchmark datasets, as well as motor imagery EEG
datasets. Finally, we will conclude the paper and present
some future work in Section 4.

2. Methodology

2.1. Classic ELM. ELM was originally implemented for
single-hidden layer feedforward neural networks and then
extended to generalize feedforward networks. By using
random hidden node parameters and tuning-free strategy,
ELM has some notable advantages, such as easy imple-
mentation, fast learning speed, and superior generalization
performance [17], thus making it a suitable choice for the
recognition problem of EEG signals in different motor
imagery tasks.

Consider a dataset containing N training samples,
X,Y{ } � xi, yi , i � 1, 2, · · · , N, with the input
xi � [xi1, xi2, . . . , xip]T ∈ Rp and its corresponding desired
output yi � [yi1, yi2, . . . , yiq]T ∈ Rq, where T denotes
a transpose operation. Assuming that m is the number of
hidden neurons, and g(·) is the activation function, the
output function of ELM is mathematically modeled as

yj � 
m

i�1
βig aTi xj + bi , j � 1, 2, · · · , N, (1)

where βi � [βi1, βi2, · · · , βiq]T is the weight vector that
connects the i-th hidden neuron and the output neurons,
ai � [ai1, ai2, · · · , aip]T is the randomly chosen input weight
vector connecting the i-th hidden neuron and the input
neurons, bi is the randomly chosen bias of the i-th hidden
node, and yj is the actual output corresponding to input xj.

For convenience of expression, the Equation (1) is
written in matrix notation as

Y � Hβ, (2)

where Y � [y1, y2, · · · , yN]TN×q is the expected network output,
β � [β1, β2, · · · , βm]Tm×q denotes the weight of output layer,
and H is the hidden layer output matrix which is defined
as

H �

g aT1x1 + b1(  . . . g aTmx1 + bm( 

. . . . . . . . .

g aT1 xN + b1(  . . . g aTmxN + bm( 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

N×m

. (3)

To have better generalization performance, the regula-
rization parameter C is introduced in [19], and its corre-
sponding objective function is given by

argmin
β

‖β‖
2
2 + C‖Hβ−Y‖

2
2 , (4)

where ‖ · ‖2 denotes the l2-norm of a matrix or a vector.
We can obtain the output weight vector β using the
Moore–Penrose principle. .e solution of Equation (4) is
β � (I/C + HTH)−1HTY if N>m and β � HT(I/C+

HHT)−1Y if N<m.

2.2. Fisher Discrimination Dictionary Learning. Sparse
representation-based classification (SRC) was proposed for
face recognition, which directly used the training samples of
all classes as the dictionary to code the query face image and
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classified it by evaluating which class leads to the minimal
reconstruction error [7]. However, the dictionary in use may
not be effective enough to represent the query images due to
the uncertain and noisy information in the original training
images, and the discriminative information hidden in the
training samples is not sufficiently exploited by such a naı̈ve-
supervised dictionary learning approach [16]. To address
these problems, the FDDL method is proposed, utilizing
both the discriminative information in the reconstruction
error and sparse coding coefficients.

DenoteA � [A1,A2, · · · ,Ac] as the training set, whereAi

is the subset of the training samples from class i, and c is the
total number of classes, and an overcomplete dictionary
D � [D1,D2, · · · ,Dc], where Di is the class-specified sub-
dictionary associated with class i. Let X be the coding co-
efficient matrix of A over D, we can write X as
X � [X1,X2, · · · ,Xc], where Xi is the submatrix containing
the coding coefficients ofAi overD..e objective function is
written as follows:

J(D,X) � argmin
D,X

r(A,D,X) + λ1‖X‖1 + λ2f(X) , (5)

where r(A,D,X) is the discriminative fidelity term, ‖X‖1is
the sparse constraint in which the notation ‖ · ‖1 denotes the
l1-norm, f(X) is a discrimination constraint, and λ1 and λ2
are the scalar parameters.

r Ai,D,Xi(  � Ai −DXi

����
����
2
F

+ Ai −DiX
i
i

����
����
2
F

+ 
c

j�1,j≠ i

DjX
j
i

�����

�����
2

F
,

(6)

where ‖ · ‖F means the F-norm,Xi
i is the coding coefficient of

Ai over the subdictionaryDi, andX
j

i is the coding coefficient
of Ai over the subdictionary Dj. .e minimization of
r(A,D,X) means that the reconstruction error of the i-th
class of samples is minimized, and the reconstruction error
through the i-th subdictionary is also minimized while the
reconstruction by other subclass dictionaries should be
minimized. Its purpose is to ensure that the reconstruction
error constraint is minimized, and the sparse coefficient can
be more discriminative.

f(X) is a discriminative coefficient term which is given
in the following:

f(X) � tr SW(X)( − tr SB(X)(  + η‖X‖
2
F, (7)

where tr(·) indicates the trace of subspace, SW(X) is the
within-class scatter of X, SB(X) is the between-class scatter
of X, and η is a parameter.

SW(X) � 
c

i�1

xk∈Xi

xk −mi(  xk −mi( 
T
,

SB(X) � 
c

i�1
ni mi −m(  mi −m( 

T
,

(8)

where mi and m are the mean vectors of Xi and X re-
spectively, and ni is the number of samples in class Ai.

2.3. 3e Proposed FDDL-ELM Method. In this section, we
propose a novel nonlinear classification model that rests on
a new ELM framework for multilayer perceptron (MLP),
named FDDL-ELM. .e framework consists of two stages:
an encoding stage and a classification stage..e former stage
uses the FDDL approach to map the input features into
a midlevel feature space, and then the ELM algorithm is
performed for final decision making in the latter stage. .e
framework of FDDL-ELM is shown in Figure 1.

Let A be an input containing N training samples A,Y{ }

with A � [A1,A2, · · · ,Ac], and Y is the corresponding de-
sired output, where Ai is the subset of the input from class i,
and c is the total number of classes.

Step (1): utilize the FDDL algorithm to learn a structured
dictionary D.

By incorporating Equations (6) and (7) into Equation
(5), the objective function is rewritten as

J(D,X) � argmin
(D,X)

 

c

i�1
r Ai,D,Xi(  + λ1‖X‖1

+ λ2 tr SW(X) − SB(X)(  + η‖X‖
2
F .

(9)

.e optimization of the objective function consists of
two steps: First, update X by fixing D, and then update D
while fixing X. .e procedures are iteratively implemented
for the desired discriminative dictionary D and the dis-
criminative coefficients X as done in [16].

Step (2): reconstruct the signals for the high-level sparse
feature information.

With the desired dictionary D and the coefficients X in
the Step (1), we can get the reconstructed signalsBwhich can
uncover important information hidden in the original sig-
nals and is simplified as follows:

B � DX. (10)

Step (3): discriminate the reconstructed signals B using
the ELM classification method.

(1) Randomly generate the hidden node parameters
(ai, bi) for i � 1, 2, · · · , m.

(2) .e new hidden-layer output matrix G can be
written as

G �

g aT1DX1 + b1(  . . . g aTmDX1 + bm( 

. . . . . . . . .

g aT1DXN + b1(  . . . g aTmDXN + bm( 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

N×m

. (11)

(3) .e regularization parameter C is introduced, and
the output weight β is calculated as follows:

β �
I
C

+ GTG 
−1
GTY, forN>m,

β � GT I
C

+ GGT
 

−1
Y, forN<m.

(12)
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Extensive efforts have been paid to the optimal selection
of C and the leave-one-out (LOO) cross-validation strategy
combining with the predicted residual sum of squares
(PRESS) statistic is one of the most effective methods [26].

Step (4): For test data Atest,Ytest  and the learned dic-
tionary D, we can reconstruct the Atest in the encoding stage
and then calculate the labels Ypredict using the ELM classifier.

3. Experimental Results and Discussion

In this section, several experiments on benchmark datasets
and EEG datasets were performed to evaluate the perfor-
mance of the proposed FDDL-ELM method, as compared
with the other state-of-the-art approaches. All methods were
implemented using MATLAB 2014b environment on
a computer with a 2.6GHz processor and 8.0GB RAM.

3.1. Experiment on Benchmark Datasets

3.1.1. Description. In order to evaluate its performance, the
proposed FDDL-ELM method was first applied to four
popular benchmark datasets in the UCI repository [31]. .e
details of these datasets are shown in Table 1.

.e Liver Disorders dataset is a medical application,
which consists of 345 samples belonging to 2 categories, and
each sample extracts 6 features for representation. .e
Diabetes dataset contains 768 samples belonging to two
categories. For each sample, 8 features are extracted. .e
Waveform dataset consists of 5000 samples from 3 classes of
noisy waveforms, and each sample contains 21 attributes.
.e Columbia Object Image Library (COIL-20) is a multi-
class image classification dataset and consists of 1440
grayscale image sample of 20 different objects, in which each

sample is a 32 × 32 grayscale image of one object taken from
a specific view.

3.1.2. Experimental Setup. In Table 1, the column “Random
perm” denotes whether the training and test data are ran-
domly assigned. In each data partition, the ratio between
training and test sample is 1 :1..e classification process was
repeated ten times, and the average of these outcomes was
the final classification rate.

.is proposed FDDL-ELM algorithm has 5 tuning pa-
rameters: λ1, λ2, and η in the encoding stage, as well as the
number of hidden nodesm, and the regularization parameterC

in the classification stage. In all the experiments, the optimal
parameters λ1 and λ2 are searched using five-fold cross-
validation from a small set 0.001, 0.005, 0.01, 0.05, 0.1{ }, and
η is set to 1, as done in [16]. .e optimal parameters m

and C were determined from m ∈ 100, 200, · · · , 1500{ } and
C ∈ e−5, e−4, · · · , e5  using the LOO cross-validation strategy
based on the minimum MSEPRES [27]. It is noted that C is
automatically chosen and not fixed during the process of
repeating ten times in the classification stage. .e settings of
these tuning parameters for four benchmark datasets are
summarized in Table 2.

1
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d2

d3

dm-1

dm

1

2

3

m-1

m

h1

h2

h3

hm-1

hm

Encoding stage Classification stage

β
A

Y

Figure 1: A schematic for the overall framework of the FDDL-ELM-learning algorithm.

Table 1: Description of the benchmark datasets.

Datasets Training Testing Features Classes Random
perm

Liver
Disorders 172 172 6 2 Yes

Diabetes 384 384 8 2 Yes
Waveform 2500 2500 21 3 Yes
COIL-20 720 720 1024 20 Yes
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3.1.3. Comparisons with Other State-of-the-Art Algorithms.
In this experiment, we compare the proposed FDDL-ELM
with three baseline algorithms, including ELM, FDDL, and
H-ELM..e classification performance is evaluated in terms
of average accuracy and standard deviation (acc± sd).
Table 3 summarizes the performance results using four
methods on the benchmark datasets.

From the results shown in Table 3, it is evidenced that the
FDDL-ELM algorithm achieved comparable performance
with other state-of-the-art methods, such as single-layer
ELM, FDDL, and H-ELM with deep architecture. For the
Diabetes dataset, the FDDL-ELM approach achieved more
than 9% improvement over FDDL. For the Liver Disorders
dataset, although the average classification accuracy of
H-ELM (74.01%) was better than that of FDDL-ELM
(72.38%), the accuracy of FDDL-ELM was higher than
ELM by 0.23% and FDDL by 6.61%. For the Waveform
dataset, the FDDL-ELM approach yielded a mean accuracy
of 85.02%, a 0.57% improvement over ELM, and a 0.30%
improvement over H-ELM. .e average classification ac-
curacy of COIL-20 dataset obtained by FDDL-ELM was
98.33%, higher than those of ELM (96.14%) and H-ELM
(97.13%). Based on these observations, the proposed FDDL-
ELM approach outperformed the original ELM and FDDL
methods on all four datasets and had comparable perfor-
mance on most of the four datasets compared with H-ELM.

3.1.4. 3e Impact of the Parameters. .ere are five
parameters in our algorithm: λ1, λ2, η, m, and C. Since η is
set to 1 [16], and C is automatically chosen [27], we will
investigate the impact of the other three parameters (λ1,
λ2, and m) on the performance of our algorithm in this
section. λ1 and λ2 are respectively changed among
0.001, 0.005, 0.01, 0.05, 0.1{ }. .e parameter m decides the
number of hidden neurons, and its value is selected
among 100, 200, · · · , 1500{ }.

Figures 2(a)–5(a) show the testing results of our algo-
rithm as the parameter m changes on four datasets: Diabetes,
Liver Disorders, Waveform, COIL-20 datasets, respectively.
As can be seen, the performance of our algorithm is rela-
tively stable with respect to m. Figures 2(b)–5(b) give the
plots of testing accuracies as λ1 and λ2 vary on four datasets,
respectively. From these results, it can be observed that the
performance is more pronouncedly affected by the pa-
rameters λ1 and λ2, relative to m. For a tradeoff between the
classification performance and computation complexity, we
can use a comparatively small number of nodes m when
selecting λ1 and λ2 in real EEG applications.

3.2. Experiment on BCI Datasets

3.2.1. Description. .is section evaluates the performance of
the proposed FDDL-ELM method on MI EEG datasets.
.ere are three datasets for analysis, including two datasets
for binary classification and one dataset for multi-
classification, as described below:

(1) Dataset IVa, BCI competition III [32]: this dataset
contains EEG signals from 5 subjects, who per-
formed 2-class MI tasks: right hand and foot. EEG
signals were recorded using 118 electrodes. A
training set and a testing set were available for each
subject. .eir size was different for each subject.
More precisely, 280 trials were available for each
subject, among which 168, 224, 84, 56, and 28
composed the training set for subjects A1, A2, A3,
A4, and A5, respectively, and the remaining trials
composed the testing set.

(2) Dataset IIIa, BCI competition III [33]: this dataset
comprised EEG signals from 3 subjects who per-
formed left hand, right hand, foot, and tongue MI.
EEG signals were recorded using 60 electrodes. For
the purpose of binary classification, only 2-class EEG
signals (left and right hand MI) were used as done in
[34]. Both the training and testing sets were available
for each subject. Both sets contain 45 trials per class
for subject B1, and 30 trials per class for subjects B2
and B3.

(3) Dataset IIa, BCI competition IV [35]: this dataset
consists of EEG signals from 9 subjects who per-
formed 4-class MI tasks: left hand, right hand, foot,
and tongue MI. EEG signals were recorded using 22
electrodes. .e training and testing sets contain 288
trials for each class, respectively.

3.2.2. Experimental Setup. Data preprocessing was first
performed on the raw EEG data. In particular, for each trial,
we extracted features from the time-segment spanning from
0.5 s to 2.5 s after the cue instructing the subject to perform
MI. Each trial was band-pass filtered in 8–30Hz, using
a fifth-order Butterworth filter. Next, the dimension of the
EEG signal was reduced using the common spatial pattern
(CSP) algorithm, a widely used feature selection method for
MI-based BCIs [12, 34]. Finally, the filtered EEG signals by
CSP were discriminated by different classification methods
in our experiment.

Table 3: Comparisons of classification results on each dataset using
different methods.

Method
Liver

Disorders Diabetes Waveform COIL-20

Acc± sd Acc± sd Acc± sd Acc± sd
ELM 72.15± 1.54 74.22± 1.10 84.45± 0.69 96.14± 1.03
FDDL 65.77± 4.45 65.43± 2.49 79.18± 1.19 96.48± 0.85
H-ELM 74.01 ± 0.87 71.67± 1.26 84.72± 0.30 97.13± 0.71
FDDL-
ELM 72.38± 1.49 75.33 ± 0.68 85.02 ± 0.32 98.33 ± 0.62

Table 2: Parameter settings of FDDL-ELM on the benchmark
datasets.

Datasets λ1 λ2 m

Liver Disorders 0.01 0.001 400
Diabetes 0.005 0.05 500
Waveform 0.001 0.01 100
COIL-20 0.05 0.001 900
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Figure 2: Testing accuracy with different parameters on Diabetes. (a) Accuracy in terms of m; (b) accuracy curve in terms of (λ1, λ2).
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Figure 3: Testing accuracy with different parameters on liver disorders. (a) Accuracy in terms of m; (b) accuracy curve in terms of (λ1, λ2).
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Figure 4: Testing accuracy with different parameters on waveform. (a) Accuracy in terms of m; (b) accuracy curve in terms of (λ1, λ2).
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In this work, the classification process was repeated ten
times, and the average accuracy was recorded for further
analysis. .e selection process of the parameters λ1, λ2, η,
and C were the same as those described in Section 3.1.2, and
the setting of the hidden node m was 10, 20, · · · , 100{ }.

3.2.3. Comparisons with Related Algorithms. We compared
the proposed method FDDL-ELM with ELM, FDDL, and
H-ELM on BCI Competition III Datasets IVa and IIIa and
BCI Competition IV Dataset IIa. .e average classification
accuracies of all four algorithms are shown in Table 4.

From Table 4, it can be seen that the proposed method
outperformed the ELM and FDDL algorithms on almost all
subjects (except subject B2) in binary-classification appli-
cations. For subject B2, the ELM method obtained the av-
erage accuracy of 68.33%, a 0.33% improvement over FDDL-
ELM. Compared with H-ELM which adopts a deep archi-
tecture, FDDL-ELM yielded comparable performance on all
the 8 subjects and especially performed better in 4 subjects
(A2, A3, A4, and B2). Furthermore, the proposed algorithm
yielded the highest average accuracy on Datasets IVa and
IIIa. For the Dataset IVa, the FDDL-ELM approach achieved
amean accuracy of 80.68%, a 0.73% improvement over ELM,
and a 1.35% improvement over H-ELM. Moreover, a paired
t-test revealed no significant difference between the FDDL-
ELM and H-ELM approaches (p � 0.626) and a significant
difference between the FDDL-ELM and ELM approaches
(p � 0.04). For the Dataset IIIa, the average classification
accuracy obtained by FDDL-ELM was 87.54%, higher than
that of ELM (87.35%), FDDL (83.26%), and H-ELM
(85.63%). Furthermore, a paired t-test revealed no signifi-
cant difference between the FDDL-ELM and H-ELM ap-
proaches (p � 0.596). .ese results have shown that the
FDDL-ELM method has achieved a great classification ca-
pacity in binary-classification applications.

In the 4-class-classification application for BCI Com-
petition IV Dataset IIa, the average classification accuracies
for the 9 subjects using four algorithms are also shown in
Table 4. Note that our method also outperformed ELM and
FDDL in 8 of the 9 subjects (except subject C8). For subject
C8, ELM gained the best result (81.87%) compared with

FDDL (63.72%), FDDL-ELM (80.60%), and H-ELM
(76.46%)..e FDDL-ELM approach performed the best in 4
subjects (C1, C3, C6, and C7), whereas H-ELM achieved the
best result in 4 subjects (C2, C4, C5, and C9). .e average
classification accuracy of 9 subjects using FDDL-ELM was
63.76%, slightly lower than H-ELM (64.46%). A paired t-test
revealed no significant difference between the FDDL-ELM
and H-ELM approaches (p � 0.519) and a significant
difference between the FDDL-ELM and FDDL approaches
(p is less than 0.01). .ese results showed that when
compared to the H-ELM algorithm, our method can achieve
similar results without the deep architecture.

In these experiments, the proposed FDDL-ELM method
exhibited an excellent performance in both binary-
classification and multiclassification cases. .e nonlinear
property of FDDL-ELM allowed for its superior perfor-
mance over the FDDL approach when processing the
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Figure 5: Testing accuracy with different parameters on COIL-20. (a) Accuracy in terms of m; (b) accuracy curve in terms of (λ1, λ2).

Table 4: Comparisons of classification results on 2-class and 4-class
BCI datasets using different methods.

Datasets Methods
ELM FDDL FDDL-ELM H-ELM

Dataset IVa

A1 60.71 57.50 61.70 63.39
A2 100 84.29 100 98.39
A3 73.37 70.51 73.88 64.08
A4 86.61 65.00 88.17 85.67
A5 79.05 77.14 79.64 85.16

Mean 79.95 70.89 80.68 79.33

Dataset IIIa

B1 96.89 93.11 97.78 98.56
B2 68.33 60.33 68.00 60.00
B3 96.83 96.33 96.83 98.33

Mean 87.35 83.26 87.54 85.63

Dataset IIa

C1 76.43 62.77 76.74 75.69
C2 45.38 32.92 45.70 47.74
C3 76.32 70.76 77.13 76.98
C4 59.24 45.59 60.50 61.84
C5 37.12 31.42 36.24 37.85
C6 45.90 35.28 47.57 47.08
C7 78.99 66.91 80.30 80.07
C8 81.87 63.72 80.60 76.46
C9 67.36 65.48 69.10 76.42

Mean 63.18 52.76 63.76 64.46
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nonstationary EEG signals. Furthermore, FDDL-ELM is
more suitable in analyzing noisy EEG data than basic ELM
because its encoding stage can acquire a higher represen-
tation of the raw signals and extract more effective feature
information. Compared with the H-ELM, an algorithm with
a deep architecture design, our method also yielded com-
parable results. In particular, on the binary-classification
datasets (BCI Competition III Datasets IVa and IIIa), our
method gained higher average accuracies (80.68% and
87.54%) than that of H-ELM (79.33% and 85.63%),
respectively.

4. Conclusion

In this paper, we have proposed a new ELM framework
called FDDL-ELM, which achieves a sparse representation of
input raw data with layer-wise encoding, while still
benefiting from the universal approximation capability of
the original ELM. We verified the generalizability and ca-
pability of FDDL-ELM using publicly available benchmark
databases and MI-BCI datasets. In these applications,
FDDL-ELM demonstrated superior classification perfor-
mance than the other relevant state-of-the-art methods.
However, there are still several questions to be further in-
vestigated in future work. .e nonstationary nature of EEG
signals means that a classification model built earlier using
the previous data is not able to well reflect the changes that
have already taken place to the signals. Consequently, the
online updates to the classification model are needed. Re-
cently, the ensemble of subset online sequential extreme
learning machine (ESOS-ELM) method is proposed for class
imbalance learning [36]. In addition, an online sequential
extreme learning machine with kernels (OS-ELMK) has
been proposed for prediction of nonstationary time series
[37]. In the study by Mirza et al.[38], a multilayer online
sequential extreme learning machine has been proposed for
image classification. In the future work, we will investigate
the online learning algorithm of FDDL-ELM for analyzing
MI EEG signals.

Data Availability
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datasets for binary classification and one dataset for mul-
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Rehabilitation training is essential for motor dysfunction patients, and the training through their subjective motion intention,
comparing to passive training, is more conducive to rehabilitation. *is study proposes a method to identify motion intention of
different walking states under the normal environment, by using the functional near-infrared spectroscopy (fNIRS) technology.
Twenty-two healthy subjects were recruited to walk with three different gaits (including small-step with low-speed, small-step with
midspeed, midstep with low-speed). *e wavelet packet decomposition was used to find out the main characteristic channels in
different motion states, and these channels with links in frequency and space were combined to define as feature vectors.
According to different permutations and combinations of all feature vectors, a library for support vector machines (libSVM) was
used to achieve the best recognition model. Finally, the accuracy rate of these three walking states was 78.79%. *is study
implemented the classification of different states’ motion intention by using the fNIRS technology. It laid a foundation to apply the
classified motion intention of different states timely, to help severe motor dysfunction patients control a walking-assistive device
for rehabilitation training, so as to help them restore independent walking abilities and reduce the economic burdens on society.

1. Introduction

Population aging is a prominent problem in today’s society.
In 2016, approximately 12% of the world’s population was
over the age of 60, and this percentage would rise to ap-
proximately 21% of the world’s population by 2050 [1].
Aging leads to a significant decline in elderly body move-
ment [2] and increase of body vulnerability. *ese would
result in the probability of fractures or other accidents in-
creased, causing severe motor dysfunction [3–5]. Similarly,
spinal cord injury (SCI) is a common disease frequently
resulting in severe motor dysfunction, forcing patients to
depend on a wheelchair for mobility [6]. Moreover, the
number of severe motor dysfunction victims of traffic ac-
cidents and accidental injuries has also increased rapidly as
society develops. As a result, above patients often remain
bedridden for extended periods of time, causing some
complications and increasing the probability of de-
generation of bodily functions. *ese problems would cause
serious impact on rehabilitation and impose serious

economic burdens on society [7]. And the recovery of
walking function is a primary desire of these patients [8].
*erefore, it is greatly meaningful to provide these patients
with appropriate training to help them restore their walking
ability.

However, most training instruments are passive-
controlled. *is leads to insufficient participation of pa-
tients and unobvious rehabilitation effect. Husemann et al.
[9] conducted a controlled experiment on robotic training so
as to motivate the initiative of subjects and conventional
physiotherapy and found that walking ability was signifi-
cantly improved by the robotic training. Veneman et al. [10]
and Riener et al. [11] developed different strategies of or-
thotic devices to elicit greater voluntary participation of the
subjects in the rehabilitation process, and it performed more
effectively than a fixed repetitive pattern. Moreover, other
studies had also demonstrated that training based on
patient-active awareness can be more effective than passive
for rehabilitation [12–14]. *erefore, the multitraining
modes and patients’ active participation play an important
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role for advancing rehabilitation. And the biomechanical
information and brain information can be used to judge
subjects’ motion intention so as to control a walking-
assistive equipment to do rehabilitation training.

Progress has been made in recent years in using iden-
tified motion intention to control walking-assistive equip-
ment, based on biomechanical information [15–18]. Lee and
Sankai [15] and Hayashi et al. [16] used the lower limbs’
electromyography (EMG) signal to identify the subjects’
motion intention, to control walking-assistive equipment to
drive movement. Limb-movement information and foot-
pressure data that were tested by foot-pressure and angle-
acceleration sensors were used to identify the motion in-
tention of subjects, to control walking-assistive equipment
[16–18]. *ese related studies can help patients control the
exoskeleton to help them carry out rehabilitation training
through their motion intention and have a better recognition
accuracy. However, for these severe motor dysfunction
patients, biomechanical signals were very weak or abnormal,
and it was also very difficult to collect. *erefore, brain
information can be used to identify the patients’ motion
intention to help them control the walking-assistance
equipment to complete independent rehabilitation training.

In recent years, several studies have investigated brain
activity based on electroencephalography (EEG) signals
during walking [19–26]. According to an EEG signals’ mu
and ß rhythms, three different walking speed levels were
identified, with an average classification accuracy of 72.7%
[22], this study also provides insight on the cortical in-
volvement in human gait control and represents a step
towards a brain-machine interface for poststroke gait re-
habilitation [22]. Zhang et al. [23] used the multiple kernel
learning algorithm to simultaneously learn the relative
importance of different brain areas, so as to identify the
region of importance, and it demonstrated that the frontal
and frontocentral regions are the most important regions in
controlling the exoskeleton. In addition, some studies noted
that the intensity of neural activity in the motor cortex is
positively correlated with walking speed, and it also proved
that different motor states have different neural activities
[21–25]. However, most experiments were based on
treadmill, which differ from a normal gait. Moreover, the
subjects often required external stimulus before experi-
mentation, which was also not conducive to do re-
habilitation training in normal environments [19–22,24–26].

On the contrary, fNIRS technology can support con-
tinuous testing under the normal environment and without
external stimuli. Kim et al. [27] and Mihara et al. [28] found
that the main activation areas during the change of walking
speed are sensorimotor cortex (SMC), premotor cortex
(PMC), and supplementary motor area (SMA). Caliandro
et al. [29] demonstrated that the concentration of blood
oxygen activity in the prefrontal cortex has a positive cor-
relation with the step length, which establishes an important
basis for the identification of step length. Holtzer et al. [30]
also found that the activation of the PFC area is largely
associated with increasing step length. A study of the pre-
movement consciousness of the normal start and prepara-
tion determined that the proportion of oxyHb of the PFC

area and premotor cortex significantly increase [31]. *ese
studies focus on which brain region was activated when the
walking speed or step length changed, instead of status
recognition, which lay a theoretical basis for this study in
testing areas. In addition, fNIRS technology for the iden-
tification of similar patterns also has great application
prospects. Sui et al. [32] identified three levels of bicycling
speed, based on the difference of oxyHb and deoxyHb, with
a corresponding classification accuracy of 74%. Hong et al.
[33] identified mental arithmetic (MA), right-hand motor
imagery (RI), and left-hand motor imagery (LI) with an
average classification accuracy of 75.6% across ten subjects.
*e joint mutual information (JMI) criterion was used to
extract the optimal features of hemodynamic responses, to
identify three images of hand clenching associated with force
and speed with a final accuracy of 76.7% [34]. Yin et al. [35]
applied empirical mode decomposition to reduce the
physiological noise during the task, and the intrinsic mode
functions were used to extract the feature vectors, to identify
the motor imagery tasks of right-hand clench force and
speed, with a corresponding classification accuracy of
78.33%. Most of the fNIRS studies mainly focus on classi-
fying the different states about upper limbs. For lower limbs,
the study of different motion states of spontaneous walking
is sparse, and the simultaneous classification of two-
dimensional variables of walking speed and step length is
still in the bank.

In this study, a method based on fNIRS signals is pro-
posed, to identify the motion intention of two-dimensional
variables of walking speed and step length simultaneously
under the normal environment. During the whole experi-
ment, in order to elicit greater voluntary participation of the
subjects, all movements (the start and end of every task) were
spontaneously controlled by themselves, and without ex-
ternal stimuli. It hopes to classify the two-dimensional states
of walking speed and step length timely, based on themotion
intention of movement. *is study expects to apply
a method to classify the motion intention of different states,
so as to help patients control a walking-assistive device for
rehabilitation training and let them restore independent
walking abilities in the future.

2. Experiment Design

2.1. Subjects. Twenty-two healthy subjects (22 mean± 4
years old, seventeen males and five females) of Soochow
University participated in this experiment. All participants
were right-handed, without neurological abnormalities and
other related conditions.

2.2. Instrument. A FOIRE-3000 optical topography system
(Shimadzu Corporation, Kyoto, Japan) [32] with eight
emitters and eight detectors was used to measure the light
sources of wavelengths of 830 nm, 805 nm, and 780 nm, that
represent the oxygenated hemoglobin (oxyHb), total he-
moglobin (totalHb), and deoxygenated hemoglobin (deox-
yHb), respectively. *e sampling period of hemoglobin
signals was 130ms.
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2.3. Cortical Regions. Prior fNIRS research determined that
the PMC, SMA, and PFC areas are largely associated with
walking speed or step length [27,29–31]. In addition, the
PFC area plays an important role in identifying premove-
ment consciousness [28]. According to the international
10–20 system [36, 37] and the Brodmann partition map [38],
a 3× 5 parietal flash holder was built, which was applied to
fix emitters and detectors. Figure 1(a) shows the arrange-
ment of the optodes, where the Cz point is the intersection of
the left to right earlobe and nation to occipital tuberosity,
with a distance to detector 7 of 3 cm. In the layout of the
channel, the emitters 3 and 6, and detectors 1, 4, and 7 are on
the connection of Nz-Cz-Lz, and the probe layout on the left
and right is parallel to the connection of Nz-Cz-Lz, the
distance between each detector and emitter is fixed at 3 cm.
Based on the location of important region defined by above
study and probe layout, it is defined that the channels 1 to 7
are in the PFC area, channels 8 to 12 are in the frontal eye
cortex (FEC) area, channels 13 and 18 are in the PMC left
(PMCL) area, channels 15 and 20 are in the PMC right
(PMCR) area, and channels 14, 16, 17, 19, 21, 22 are in the
SMA area.

2.4. Paradigm. *e patient with very weak or no athletic
ability finds it hard to undertake rehabilitation training, not
to active training. According to the feedback from a re-
habilitation doctor, these three walking states (contained the
gait of small-step with low-speed (SL), small-step with
midspeed (SM), and midstep with low-speed (ML)) were
very helpful and necessary for these patients to improve their
body function to restore their walking ability. *erefore, in
this experiment, 22 health subjects’ fNIRS signals under
these three gait parameters were collected for initial re-
search. During this experiment, because of the limited
transmission lines, the walking distance was fixed at 4.4m,
and all the subjects could not exceed this range. So, the
small-step was defined as approximately nine steps in fixed
distance, and midstep was approximately about six or seven
steps. But the walking speed depended on subjects’ normal
speed, and low-speed was defined that it must be slower than
the normal gait obviously, about 30% to 50% of normal
speed.

Before the experiment, all the subjects were asked to
wash their hair, to make sure the scalp was clean. *e ex-
perimental procedure and fNIRS’ operating principle were
also informed. And they were also told that they should
maintain their heads in a steady position and their arms in
a natural state when walking, without counting during the
entire experiment.

Moreover, a researcher would walk with subjects car-
rying the fNIRS cables to reduce the effect of the cables’
weight. Figure 1(b) shows the experiment setup. All the
subjects were required to train these three gait parameters,
and the researcher will calculate the walking speed and step
number during the walking, to ensure the gait parameter
subject walked was right. However, the subject would be
arranged to train these three gait parameters randomly,
based on the arrangement and combination of these three

states, in order to let the subject take a consideration of
which gait parameter should be done during the experiment.
When the subject can walk accurately, they would be told the
specific process of the whole experiment. Each gait was
consisted of four stages: rest, walk, rest, and retreat. During
the whole experiment, each gait needed walking twice. In
detail, at the beginning of the experiment, the starting point
and ending point were marked previously, and all subjects
stood at the starting point while resting for more than 30 s.
*en, they began movement towards the ending point with
the right foot. Next, the subjects did not retreat to the
starting point until they stood at the ending point in a resting
state for more than 30 s.*e entire process of the experiment
is shown in Figure 2. Moreover, the rest and start time were
spontaneously controlled by the subjects. It is also stipulated
that the subjects can not make a mistake in the order and gait
parameters of the experiment, a researcher specializes in
checking these; otherwise, the experiment will be cancelled
and be redone next time. Finally, based on the feedback
information after completing the experiment, the subject
will take a consideration of which gait parameter they should
do before walking.

3. Data Analysis

*e totalHb and difference between the oxyHb and deoxyHb
were used to extract feature vectors in the frequency domain.
Eleven subjects were selected to calculate the highest rec-
ognition accuracy and its corresponding combination of
feature vectors (ten for training and one for testing). When
the best feature vectors combination was selected, these
eleven subjects of training set were defined as training data,
to calculate the final recognition accuracy of another eleven
subjects. Due to various factors and maladjustments, only
the second testing was used for analysis. All calculations and
analysis were completed using Matlab R2016a.

3.1. Power Spectrum Analysis. For the eleven primary
subjects in this study, power spectrum density analysis
based on a rectangular window was used to analyze the rest
time before and during the task segment. *is method
calculates the continuous frequency map of each channel in
all states to determine the final analysis band and the band
interval.

3.2. Data Preprocessing. Because the related researches on
fNIRS are mainly focused on low-frequency components,
over time, it will cause a zero drift in cerebral hemoglobin,
significantly impacting the low-frequency component. In
this study, the mathematical morphology method was
proposed to remove this phenomenon [39], in order to
reduce the influence of zero drift during the subsequent
analysis. To identify the motion intention of all movements,
180 points before the task were analyzed. Corrosion and
expansion are the main operations of this method, and their
expressions are as follows, respectively:
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(fΘk)(n) � min
m�0,...,M−1

f(n + m)− k(m) ;

n � (0, 1, . . . , N−M),
(1)

(f ⊕ k)(n) � max
m�0,...,M−1

f(n−m)− k(m) ;

n � (M− 1, M, N− 1),
(2)

where f(n) represents the original data, (N− 1) is the length
of the data. k(m) is a flat structure, and the length of (M− 1)

is the number of points in ten sampling periods. *en, the
opening and closing operations were calculated based on the
corrosion and expansion, and their expressions are as fol-
lows, respectively:

(f
∘
k)(n) � (fΘk ⊕ k)(n),

(f ∘ k)(n) � (f⊕ kΘk)(n).
(3)

*en, the values of performing opening operation first
and then the closing operation and performing closing
operation first and then the opening operation were cal-
culated, respectively. *e final result was obtained by av-
eraging the above two values because there is a big difference
between individuals, such as hair, skull thickness, etc. *ese
lead to a difference in the signal-to-noise ratio of the col-
lected data; therefore, the data must be normalized before
the extraction as

xN � 2∗
x−min

max−min
 − 1, (4)

where x represents an original data point in one channel
and min and max represent the minimum and maximum
values of all channels of the analyzed data.*e xN represents
the normalized data.

3.3. Feature Extraction. *e results of the power spectrum
analysis can confirm the decomposition layers. *en, the
preprocessing data are calculated in the frequency domain
by wavelet packet decomposition [40, 41]. In this study, the
wavelet basis is sym4. To obtain the more obvious features,
the concentration changes of all channels of the totalHb and
the difference between oxyHb and deoxyHb were calculated
following wavelet packet decomposition. In the time do-
main, the motion intention occurred at the beginning of
movement. *erefore, eight points (approximately 1 s) were
used for analysis. For each state, the analyzed data were
stored in a matrix (M1), where the columns represented the
22 channels and the rows represented the frequency bands.

For each state, each subject would admit a matrix (M1)
after wavelet packet decomposition, but there is a huge
difference between the values of different channels; in order
to determine the significant channels and corresponding
frequency bands of one state, each matrix was divided into
three proportional parts based on the value of each element.
In this research, the probability of 20%, 25%, 30%, 35%, and
40% were used, and based on the final accuracy of training
and testing data, the probability of 30%was the best, so it was
defined as the final percent. It means that the top 30%
proportional parts were defined as digital “1”; the mid 40%

RRRRRRRRRRR SL SLRe SM

First testing Second testing

ML SMRe Re Re Re ML R

Figure 2:*e process of the experiment. R represents the rest time. Re represents the backward process. SL represents the gait of small-step
with low-speed. SM represents the gait of small-step with midspeed. ML represents the gait of midstep with low-speed. *e first testing was
a familiar process for the subjects, and the second testing was the analysis data.

Emitters
Detectors

PMCL

SMA
Cz

PMCR

FEC

PFC

(a) (b)

Figure 1: (a) *e arrangement of the optodes. (b) *e experimental setup. *e person in the right was the subject; he was doing a rest for
walking. *e person in the left was a researcher who walked with the subject carrying the weight of the fNIRS cables.
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were digital “0”; and the bottom 30% were digital “−1” (M2).
For the training set, eleven subjects were selected to find out
the feature vectors. In detail, based on the frequency statistic,
under each state, if the frequency of same digital number on
one position of these eleven matrices was seven or more
(≥63.64%), this position was defined as the digital; otherwise,
it was defined as digital “0” (M3). After that, the eleven
matrices were combined into a new matrix under this state,
which represents the features of this state. Next, the significant
channels with links in frequency and space were combined to
be defined as feature vectors, if the digital value was the same
in this matrix. For the other states, themethod of extracting of
feature vectors was the same. *e flow is shown in Figure 3.

3.4. State Classification. *e libSVM algorithm [42] was
used to classify these three states. To obtain the highest
accuracy, the feature vectors of the totalHb and the differ-
ence between the oxyHb and deoxyHb were combined. For
the primarily eleven participants, ten were selected for
training data and one for testing data, a total of 11 com-
binations according to the different permutations. However,
some feature vectors could improve the accuracy, and some
could not, so all feature vectors needed requiring permu-
tation and combination to find the best combination of
feature vectors. For each of the feature vector permutations
and combinations, the recognition accuracy of the 11
combinations was calculated. *e final accuracy of this
feature vectors combination was the average of these results.
All feature vectors combinations were compared to select the
highest recognition and its corresponding feature vectors.
*en the eleven subjects were identified as the training data,
and another eleven subjects were identified using the above
feature vectors combination.

4. Results

4.1. Power Spectrum Analysis. *e power spectrum density
analysis method could get a continuous frequency map of
each channel (Figure 4). By observing 11 subjects' contin-
uous power spectrum of each channel of the totalHb and the
difference between the oxyHb and deoxyHb. It was found
that the main frequency band was approximately 0 to
0.18Hz, so it was defined as the main frequency band in this
study. Moreover, it was found that the distance between two
peaks was about 0.03Hz. *erefore, 0.03Hz is the most
reasonable frequency interval, which is also associated with
the number of layers of wavelet packet decomposition.

4.2. Data Preprocessing. *e zero drift of the original data
was removed using a series of operations based on math-
ematical morphology (Figure 5). And to highlight the key
channels, the 22 channels were normalized by Formula (1).
*e range of all values is −1 to 1 after normalization.

4.3. Feature Extraction. According to the power spectrum
density analysis, the main frequency band was 0 to 0.18Hz
and the frequency interval was 0.03Hz. Because the

sampling period of hemoglobin signals was 0.13 s, the sig-
nal’s sampling frequency was approximately 7.7Hz. Based
on wavelet packet decomposition, the frequency band was
divided into 128 groups, with each interval approximately
0.03Hz. *e first six groups (approximately 0 to 0.18Hz)
were used to extract feature vectors. *e eight points at the
end of the data were combined after calculating the con-
centration changes of all channels in the totalHb and the
difference between the oxyHb and deoxyHb. For totalHb
and the difference between oxyHb and deoxyHb of each
subject, three 6× 22 matrices representing the motion in-
tention of the three gaits were created, respectively.

Based on the matrices of the last step and the above-
mentioned method, the results of each state of the totalHb
and the difference between oxyHb and deoxyHb are shown
in Figure 6(a) and Figure 6(b). According to the spatial
layout of the various channels in Figure 1(a), the channels
with links in frequency or space were selected as feature
vectors, if the digital value was the same. *e isolated
channel was not considered.

4.4. State Classification. For the different permutation and
combination, the best average classification accuracy rate of
training set was 78.79%. And under this features vector
combination, the eleven training subjects were defined as the

Start

Wavelet packet decomposition
matrix (M1)

Top 30% and bottom 30%

Probability matrix (M2)

63.64% (7/11)

Statistic matrix (M3)

Extract feature vectors
based on the location

of elements in M3

End

Frequency statistic of 11 subjects on one position

Figure 3: *e flow of feature extraction.
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training data to classify another eleven subjects (11 subjects’
second tasks× 3 states), with classification accuracy rates of
78.9% (26/33) (11 subjects’ second tasks× 3 states). *e
recognition rates of SL, SM, andML states are 72.72% (8/11),
72.72% (8/11), and 90.9% (10/11), respectively.

5. Discussion

To date, most research on lower limbs focused on which
brain region is activated when the walking speed or step
length changed [21–25,27,29–31]. *ere is little research on
the identifying motion intention of lower limbs, let alone
several gaits with little difference. *e test environment was
one of the important reasons. *e fNIRS technology over-
comes this restriction and can be used in the natural en-
vironment. In this study, a method based on the fNIRS signal

was proposed to identify the motion intention of three
similar motion states.

*is study focuses on classifying the motion intention
before movement of healthy subjects, and the final accuracy
was 72.72% (8/11), 72.72% (8/11), and 90.9% (10/11), re-
spectively. *ese results improved that the subjects’ motion
intention can be used to characterize the gait parameters.
Moreover, through Figure 6, it can be found that there are
obvious differences in the channel and frequency band
under different motion intention of gait parameters. *e
motion intention prior to the movement initiation for pa-
tients is stronger than that for healthy subjects [43], and due
to the defect of moving ability, the patient needs high at-
tention for a certain action, whereas healthy subject does
not. If one movement has been repeated for many times, it
would be hard to extract the motion intention, and it will be
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the main influence on the classification accuracy. *erefore,
the paradigm of this experiment was designed specially
(Figure 2); it was that the subject can not repeat one action
continuously and each movement be done only twice, and
the purpose of this design is to let the subject not take
a movement unthoughtfully and have a consideration before
the movement. *is study was still in its infancy, and
through the results of healthy subjects, it lays a foundation
for later research on patients’ motion intention.

For patients with weak or no athletic ability, the practice
of small compensation and slow pace has great practical
application value [6]. In rehabilitation, the patient’s active
participation and coordination are important, as good re-
habilitation training methods ensure that patients receive
the maximum rehabilitation in the shortest possible time.
*is provides them with the best chance of improving their
quality of life, by reducing the burden on family and society
[10]. *is study uses spontaneous motion intention to
classify minor gait, although it is in the initial stage of study

and the subjects are healthy men, but the results proved the
feasibility of classifying the gait parameters through the
motion intention before movement, which lays a good
foundation for the patients to carry out the rehabilitation
training through their motion intention and improve their
walking ability in the future.

*is study focused on the classification of walking in-
tention before movement. So, all the movements were purely
spontaneous, and the feature vectors used for classification
were extracted before the actual movement. *is method
could compensate for the delay in the algorithm to com-
municate with external devices and lays a foundation for
real-time BCI system. Although the classification accuracy
was not very high, it confirmed the feasibility of controlling
an exoskeleton to perform rehabilitation training for the
further research.

However, there are many shortcomings in this study that
need to be addressed in the future. First, the number of
experiments was small, and all subjects were normal,
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healthy, young people. For patients with weak or no athletic
ability but intact brain function, their brain function is also
different from normal function, and the same is true for the
elderly [23,31,44–46]. Further research is required on a large
number of patients and the elderly. Second, this study fo-
cused on identifying the motion intention of different gaits.
However, the method of classifying the rest time and starting
awareness and the rest and ending times is a difficult task.
Only these three conditions were completed. *e dynamic
identification was performed for real-time data to realize the
real BCI system.*ird, the ending point was fixed due to the
limitations of the institution. *e stop-awareness part was
controlled by external factors. Some companies have in-
frared wireless devices, which may be used to realize the true
spontaneous gait in the future.

6. Conclusions

*is study presented a method of classifying the motion
intention of different spontaneous gaits based on fNIRS
technology. And, three different walking states were pre-
sented with final recognition rates of 78.79%. In this study,
only the subjects’ motion intention was used to extract the
feature vectors. And this study can classify the two-
dimensional gait at the same time, instead of single
changes of walking speed or step length. Moreover,
a combination method of permutation and combination
method and libSVM algorithm is considered, all combi-
nations of feature vectors, to reduce the influence of ex-
traneous feature vectors on the recognition result. *ese
results confirmed it is feasible to classify the motion in-
tention of advanced walking by using fNIRS technology,
which adds the possibility of realizing the autonomous
control of walking-assistive equipment based on the BCI
system.
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It is well known that the evaluation of a product from the shelf considers the simultaneous cerebral and emotional evaluation of
the different qualities of the product such as its colour, the eventual images shown, and the envelope’s texture (hereafter all
included in the term “product experience”). However, the measurement of cerebral and emotional reactions during the in-
teraction with food products has not been investigated in depth in specialized literature. (e aim of this paper was to investigate
such reactions by the EEG and the autonomic activities, as elicited by the cross-sensory interaction (sight and touch) across several
different products. In addition, we investigated whether (i) the brand (Major Brand or Private Label), (ii) the familiarity (Foreign
or Local Brand), and (iii) the hedonic value of products (Comfort Food or Daily Food) influenced the reaction of a group of
volunteers during their interaction with the products. Results showed statistically significantly higher tendency of cerebral
approach (as indexed by EEG frontal alpha asymmetry) in response to comfort food during the visual exploration and the visual
and tactile exploration phases. Furthermore, for the same index, a higher tendency of approach has been found toward foreign
food products in comparison with local food products during the visual and tactile exploration phase. Finally, the same
comparison performed on a different index (EEG frontal theta) showed higher mental effort during the interaction with foreign
products during the visual exploration and the visual and tactile exploration phases. Results from the present study could deepen
the knowledge on the neurophysiological response to food products characterized by different nature in terms of hedonic value
familiarity; moreover, they could have implications for food marketers and finally lead to further study on how people make food
choices through the interactions with their commercial envelope.

1. Introduction

During a shopping experience in a supermarket, it has been
suggested for consumers to have few seconds to get in touch
with the product in the aisle and to decide whether buying or
not the product on the basis of the gathered information in
that time window [1].

(ere have been many studies which have demonstrated
the role and the importance of packaging in terms of ability
to communicate relevant product information, its influence
on consumers’ attention, perception, and purchase intention
[2,3]. Expressions such as “the silent salesman” [4] are
commonly used to describe the role of packaging. Packaging
has become a significant marketing channel because of its
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presence in the shop, combined with its strong influence on
customers’ decisions [5].

More recently, there has been a growing interest sur-
rounding the influence of the sensory characteristics of
packaging on consumers’ expectations and on consumers’
subsequent food experience [6, 7]. In fact, the product
could be perceived as a combination of different items: the
package, the brand, the aesthetic side (color, graphic,
images, and shape), and the context of usage [8]. Each of
these items may elicit different cognitive and emotional
reactions with different meanings for consumers. Several
studies have demonstrated that the role of the packaging is
as important at the moment of the purchase as during the
phase of usage and usability of product, known as the first
and the second moment of truth, respectively [9,10]. (e
first one deals with the package’s ability to grab the at-
tention of customers, when the consumer builds his own
expectations; this moment corresponds to the first time he
looks at it, approaches, and deals with it. (e second one is
the experience itself, when the consumer uses and consumes
the product. (is is the moment of truth for the design of the
prerequisites for services (i.e., information and functions).
(e package must be easy to use, the information on it must
be relevant, so that consumers do not misuse the product, it
must fit in storage spaces, and if the product should be dosed,
the package has to facilitate this, and so on. (en, it is crucial
for companies to design packages with user-friendly pre-
requisites for services since there are no employees present
during the service consumption process. One could say that
the package bridges the gap between production and con-
sumption. If the visual exploration of food package provides
information on the aesthetic side, the somatosensory inflow
derived from its direct tactile exploration provides important
information to the consumer [11]. In fact, touch gathers
various data from perception, such as pressure, temperature,
and texture [12], and it has a link to arousal [13]. Furthermore,
arousal is the basis of emotion, motivation, and behavioural
reactions; studies have shown that 95% of thinking is un-
consciously realized where consumers make purchasing de-
cisions based on emotion rather than rational thoughts [14].
Hurley’s studies [15] showed that electrodermal activity,
which in general is accepted as one of the more effective
biomarkers of human arousal [16], is a possible measure to
provide insight into customer preference of packaging and
a support of a more holistic understanding of decision
making.(e correlation between vision and touch plays a very
important role because the consumer develops a “feel” for the
food package. In addition, the evaluation of the ingredients
inside [17] would evoke memories of the food’s taste and
bring the somatic markers that were stored beside such
memories back to the body. It is thus crucial in understanding
consumer behaviour during evaluations of products, as
studied in the literature, to study such variation of cerebral
and emotional state of the consumers [18].

For years, the companies invested in traditional
marketing researches, for example, surveys and focus
groups, asking people to explain their consumption be-
haviour or to rate their preferences. Part of the recent
growth on interest in multisensory packaging design is

undoubtedly due to the potential use of the innovative
techniques in the field of cognitive neuroscience, which
allow to deeply understand the cognitive perception to-
ward stimuli. Most attention has been given to pricing,
products, and branding, which have demonstrated some of
the benefits by using neuroscientific methods, specifically
fMRI, during a shopping task. (ose studies found that
adding the information of neural measures to self-report
led to significantly more accurate predictions of sub-
sequent purchasing decisions. Furthermore, Plassman and
colleagues used fMRI to study whether information that
creates expectations about product quality can influence
product perceptions [19]. Results of this investigation
found support for the latter, demonstrating that changing
the prices of otherwise identical products (wines) affected
brain regions involved in interpreting taste pleasantness
after tasting the wines [17]. Neuroscientific techniques
have been used to better understand consumer behaviour
and nonconscious interactions with consumer products,
and the role of emotions in the decision-making process
[20, 21]. (ese techniques include the measure of elec-
troencephalographic signals (EEG), the brain imaging
(e.g., fMRI), and the measure of autonomic nervous sys-
tem measures, for example, heart rate (HR) and electro-
dermal response (EDR). EEG is a noninvasive method of
recording the electrical activity of the brain, by placing
electrodes on the scalp. EEG-based studies, for instance,
investigated the perceived pleasantness toward a stimulus,
demonstrating the existence of an asymmetric activity of
the prefrontal cortex in the alpha band [22], which implies
a different motivational tendency toward the proposed
stimuli. In particular, various studies evidenced a relative
increase in the left prefrontal cortex (PFC) activation in the
duration of the positive motivation, while an augmented
right-sided anterior activation during the negative moti-
vation [23]. From these considerations, it is possible to
define the Approach Withdrawal Index (AW) as the dif-
ference of the brain activity between the right and the left
PFC in the alpha band. (e positive value of the AW Index
suggests a positive motivation toward the stimulus, while
higher right activity would be reflected by negative frontal
alpha asymmetry values, suggesting a negative motivation
in response to the stimulus [24].

It has been evidenced how the higher values of EEG
spectral power over the frontal scalp areas in theta frequency
band (4–7 Hz) have been connected to higher levels of task
difficulty [25]. It has been also suggested that such increase
of EEG frontal midline theta power spectra values (hereafter
“frontal theta” for brevity) can represent a marker of cognitive
processing, occurring in correspondence of mental fatigue
during different visuocognitive task [26]. (e frontal theta,
used as index of effort and processing in regard to the task’s
complexity, has already been applied in different research
fields: neuroaesthetics field [27]; avionic and car driving for
the detection of the effort employed in the execution of flight
simulation, air trafficmanagement, and driving tasks [25–32];
and different challenging listening conditions both in normal
hearing than in hearing-impaired participants [33] and to
human-computer interaction [34] studies.
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Similarly to the measurement of EEG activity, the
measure of the autonomic nervous system’s (ANS) activity
can help researchers understand the psychophysiological
reactions to stimuli, which have been associated with
emotional processes in academic literature [35, 36]. For the
emotions, discrete and dimensional theoretical models have
been designed, respectively, implying for emotional states:
peculiar physiological, behavioural, and experiential corre-
late with the discrete models, while a combination of af-
fective dimensions, mainly valence and arousal, correlates
with the dimensional models [13]. With the purpose of
estimating the emotional reaction to stimuli, for this work,
beyond EEG measures, we recorded the electrodermal re-
sponse (EDR) and heart rate (HR). (e first one is used to
measure electrodermal activity, a property of the human
body that causes continuous variation in the electrical
characteristics across the skin. Skin conductance (SC) varies
with the activity of sweat glands in the skin (the higher the
sweating is, the higher the SC will be), controlled by the
sympathetic nervous system; therefore, skin conductance is
an indicator of psychological or physiological arousal [37].
In the present research, an autonomic index has been
adopted, resulting from the combination of the electro-
dermal response (EDR) and the heart rate (HR). (ese two
signals reflect the emotional response to stimuli, and the
resulting Emotional Index (EI) has been conceived starting
from Russell and Barrett’s circumplex model of affect [38],
where the HR is plotted on the x-axis, while the EDR is
plotted on the y-axis, respectively, reflecting information
concerning the stimuli’ valence (positive or negative) and
arousal (low or high activation).

In this way, it is possible to obtain a monodimensional
variable, called the Emotional Index (EI), which provides
information concerning the emotional status of participants,
as shown in previous studies [39]. Studies demonstrated that
knowledge in neuroscience can potentially enrich research
in decision making and integrating neuroscience with de-
cision making has a lot of potential [40].

According to these evidences, the aim of this paper was
to investigate the cognitive and emotional reactions to the
cross-sensory interaction (sight and touch) with products
belonging to different categories. We estimated such
cognitive and emotional reactions by using the Mental
Effort, the AW, and the Emotional Indexes mentioned
above. In particular, we investigated the influence of the
following three features of the products:

(1) (e brand: Major Brand or Private Label
(2) (e familiarity: Foreign or Local Brand
(3) (e hedonic value of the products: Comfort Food or

Daily Food

First, two phases have been investigated: visual ex-
ploration (VE) and visual and tactile exploration (VTE)
during the interaction with (i) two Daily Food items (one
representative of a Major Brand and one representative of
a Private Label) and (ii) two Comfort Food items (one
representative of a Foreign product and one of a Local
product) (Experiment 1). Furthermore, we extended the

research to the study of the interaction between the brand
and the familiarity by testing Comfort Food and Daily
Food belonging to Major Brand, Private Label, and For-
eign and Local products categories. Finally, in order to
investigate the contribution of different sensory modali-
ties, we added the tactile exploration (TE) phase to the
already adopted VE and VTE phases (Experiment 2).

We made three working hypotheses:
HP1: Comfort Foods are a category of food, often

characterized by high sugar and/or carbohydrate content,
that should provide some psychological and specifically
emotional reward (for a review, see [41]). Furthermore, since
the prefrontal cortex (PFC) has been linked to the processing
of hedonic aspects of taste [42], we predict higher AW values
in response to the interaction with the Comfort Food than
with the Daily Food. Furthermore, evidence shows that one
sensory modality could be via by which the hedonic attri-
butes of a product can be perceived and could bias the
estimation of the quality and pleasantness of the product
acquired by other sensory modalities [43]. (erefore, we
would try to elucidate whether the visual or the tactile
sensory modality would equally modulate the reaction
(reflected by a similar pattern reported in both the VE and
TE phases) or whether one of those would be predominant
(higher values in one of the phases), or finally if they exerted
a synergic effect (higher values in the VTE phase, but not in
the TE and VE phases).

HP2: since (i) the higher complexity of a stimulus re-
quests higher information processing, producing increased
mental effort [25] and (ii) the increased tendency of ap-
proach, elicited by complex stimuli, raises the individual’s
interest [44], we hypothesize that the values of the in-
vestigated Cerebral Indexes for the participants would be
higher during the interaction with Foreign products than
with Local ones. In particular, it would occur during the VE
and VTE phases, but not for the TE phase, due to the
unfamiliarity of the products and because of the labels not
being written in the native language.

HP3: literature evidences showed a differential activation
pattern in the frontal lobe in response to the exposure to
attractive and unattractive stimuli [45]. Typically, Major
Brand products present more attractive packaging than
products; therefore, we hypothesize that the former would
elicit higher approach tendency than the Private Label items.

2. Materials and Methods

(e project involved 32 healthy volunteers. Informed consent
was obtained from each participant after the explanation of the
study, which was approved by the local institutional ethics
committee. (e experiment was conducted following the
principles outlined in the Declaration of Helsinki of 1975, as
revised in 2000. During the entire experiment, the brain ac-
tivity, heart rate, and the electrodermal response have been
recorded. At the beginning of the recording, participants were
asked to close and keep their eyes closed for 1 minute and after
that to keep their eyes open, watching the black screen in front
of them for 1minute.(is part of the recordingwas considered
as baseline. For each product, the test protocol consisted of two
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phases lasting 15 seconds each: in the first one, participants had
to look at the product, and in the second one, they interacted
with the product, by freely manipulating it. After each phase,
the experimenter asked the participant to rate the extent to
which they appreciated the interaction with the product on
a scale from −5 to +5.(e protocol then restarted with another
item. Products have been randomly presented among par-
ticipants. A subsample of 13 subjects performed a further
phase: they also interacted with the product before the visual
exploration, with the eyes closed.

Experiment 1: 19 healthy participants (10M, average
age� 24.94± 3.40, min� 21 years old andmax� 31 years old)
have been enrolled in the study. (e selected products were
(i) two Daily Food items (one representative of a Major
Brand and one representative of a Private Label) and (ii) two
Comfort Food items (one representative of a Foreign
product and one of a Local product). (e phases of in-
teraction with the product lasted 15 seconds each and were
the visual exploration (VE) and the visual and tactile ex-
ploration (VTE) phases.

Table 1 shows the examples of products belonging to
each experimental category.

Experiment 2: 13 healthy participants (5 males, average
age� 27.23± 7.30, min� 21 years old and max� 44 years
old) have been enrolled in the study. For this experiment,
four different Comfort Foods (e.g., chocolate bars) and four
different Daily Foods (e.g., rice) have been chosen. For each
category of food, 2 Local products and 2 Foreign products
have been selected: both Local and Foreign products
belonged to either the Major Brand or the Private Label
categories (Table 1).

(e protocol was divided into three phases: tactile ex-
ploration (TE) with closed eyes (15 s), visual exploration
(VE) (15 s), and visual and tactile exploration (VTE) (15 s).
(e aim of this experiment was to investigate how the
aesthetic design, the familiarity, and the cross-perception
influence the impression of a product as a variation of
cognitive and emotional variables.

2.1. EEG Recordings and Signal Processing. (e EEG activity
was recorded using ten electrodes (Fpz, Fp1, Fp2, AFz, AF3,
AF4, AF5, AF6, AF7, and AF8) placed on an EEG frontal
headband by means of a portable 21-channel system
(BEmicro, EBneuro, Italy). Although the system allowed to
record up to 21 channels, a ready-made headband with ten
electrodes placed over the prefrontal and frontal cortex,
since (i) only this cortical area (prefrontal and frontal) was of
interest in the present study, and (ii) the headband reduced
the system’s invasiveness and increased the comfort of the
participant when compared with traditional EEG caps. (e
reference and the ground electrodes have been placed, re-
spectively, on the left and right earlobes. (e signals have
been acquired at a sampling rate of 256Hz, and the im-
pedances were kept below 10 kΩ. After the acquisition
phase, the raw EEG signal has been digitally preprocessed
by using the EEGLAB [46] Matlab toolbox. Firstly,
a notch filter (50Hz) was applied in order to reject the main
current interference. Secondly, the gathered signal has been

band-pass filtered by a fifth-order Butterworth filter ([2/30]
Hz), in order to reject the continuous component as well as
high-frequency interferences, such as muscular artefacts.
(en, the independent component analysis (ICA), in par-
ticular the SOBI algorithm [47], has been applied to EEG
data in order to identify and remove the component related
to eye blinks and eye movements, since their contribution
overlaps the EEG bands of interest [48]. (e component
(always one of ten) has been manually selected and removed,
and after that the EEG signal has been reconstructed.
Furthermore, in order to clean the EEG signal as much as
possible, after these conservative steps (until now no EEG
data has been lost), the EEG signal segments still affected by
artefacts have been automatically detected and rejected. In
particular, the EEG signal was segmented in 1-second-long
epochs, shifted of 0.5 seconds. For each epoch, three auto-
matic methods implemented in Matlab and based on “ac-
ceptability values” (in parentheses) have been used: the
threshold criterion (±100 μV), the trend estimation
(±10 μV/s, with ρ� 0.3), and the sample-to-sample differ-
ence (±25 μV). If for a specific epoch at least one criterion
was not respected, that epoch was labelled as “artefact.”
(us, the EEG epochs marked as “artefacts” have been re-
moved with the aim to have a clean EEG dataset [30, 31].

Finally, in order to take into account any subjective dif-
ference in terms of brain rhythms, for each subject the individual
alpha frequency (IAF) was computed on the 60-second-long
closed eyes segment, recorded at the beginning of the experi-
mental task. It consists in the individual power spectrum peak
within the conventional alpha domain [7/12] (Hz) [43], in order
to define the EEG bands of interest according to the method
suggested in the current scientific literature (i.e., each band is
defined as “IAF±x,” where IAF is the individual alpha fre-
quency, inHertz, and x an integer in the frequency domain) [25].
Consequently, the EEG signal of each channel for each subject
was filtered, by using a fifth-order Butterworth filter, in own
alpha [IAF−4/IAF+2Hz] and theta bands [IAF−6/IAF−
4Hz] [25], since they represent the more interesting bands for
the purpose of the present study.

To compute the activity of the cortical areas of interest in
a specific frequency band, the global field power (GFP) was
then computed.(is is ameasurement introduced by Lehmann
and Michel [49] in 1990 to summarize the synchronization
level of the brain activity over the scalp surface. GFP is
computed from a specific set of electrodes (the set depends on
the involved brain area; in the following, it will be specified for
each index) by performing the sum of squared values of EEG
potential at each electrode, averaged for the number of involved
electrodes, resulting in a time-varying waveform related to the
increase or decrease of the global power in the analysed EEG.
(e GFP formula is presented as follows:

GPF �
1
N



N

i�1
xϑi

(t)
2
, (1)

where ϑ is the considered EEG band, frontal is the con-
sidered cortical area, N is the number of electrodes included
in the area of interest (in this example, the frontal area), and i
is the electrodes’ index.
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(e formula defining the frontal alpha asymmetry
(Approach Withdrawal (AW)) index is as follows:

AW � GFPα_right−GFPα_left, (2)

where the GFPα_right and GFPα_left stand for the GFP
calculated among right (Fp2, AF4, AF8, and AF6) and left
(Fp1, AF3, AF5, and AF7) electrodes, respectively, in the
alpha (α) band. Higher frontal alpha asymmetry values,
reported by the participants, stood for an approach moti-
vation toward the stimulus, while lower frontal alpha
asymmetry values stood for a withdrawal motivation
[22, 23, 50, 51].

It may be argued that the tactile exploration, being
characterized by the closed eyes condition, would be affected
by an increase in the alpha range in comparison with both
the visual exploration and visual and tactile exploration
phases. However, the AW Index was calculated as the dif-
ference in the frontal alpha activity between the two
hemispheres; therefore, alpha increase would not interfere
with the estimation of the index.

To evaluate the mental effort/processing, EEG activity in
the theta band of all the frontal electrodes has been con-
sidered for the GFP computation. An increase in the frontal
theta (i.e., mental effort) would imply an increase in the task
difficulty [33].

(e AW Index and the Effort Index were estimated for
each second and then normalized with respect to the index
of the baseline (1minute of open eyes).

It has been repeatedly evidenced in the literature, thanks
to the application to several kinds of stimuli [29, 50, 52], that
the frontal cortex constitutes an area of interest for the
analysis of the approach or withdrawal attitude and the
frontal theta as index of cerebral effort and processing.

(e normalized AW and Effort values have been aver-
aged along the whole duration of selected tasks for each
subject: visual exploration (15 sec), tactile exploration
(15 sec), and visual and tactile exploration (15 sec).

2.2. HR and EDR Recordings and Signal Processing.
Electrodermal responses (EDR) and heart rate (HR) were
recorded with a sampling rate of 64Hz through a Shimmer
(Shimmer Sensing, Ireland) system applied to the non-
dominant hand of the subject. More in detail, the cardiac
activity was recorded by recording a Photoplethysmogram
(PPG) (i.e., a pulse oximeter which illuminates the skin and
measures changes in light absorption due to the heart pump,
at the thumb). In order to obtain the HR signal from the
PPG, the Pan-Tompkins algorithm has been used [53]. (e
constant voltage method (0.5 V) was employed for the ac-
quisition of the skin conductance. (e electrodes were
placed on the palmar side of the middle phalanges of the
second and third fingers, on the nondominant hand of the
participants, according to published procedures [54].
Employing the LEDAlab software [55], the tonic component
of the skin conductance (Skin Conductance Level, SCL) was

Table 1
Comfort Food samples Local products Foreign products

Major Brand

Private Label

Daily Food samples Local products Foreign products

Major Brand

Private Label
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estimated.(e circumplex model of affect plane was adopted
to collapse information about a stimulus deriving from SCL
and HR[38,56]. In this model, the x axis reported the HR
values, reflecting the valence dimension of a stimulus, while
the y axis reported the SCL values, mirroring the arousal
dimension of a stimulus [13]. Adopting this theoretical
framework, it was possible to obtain a monodimensional
variable, named the Emotional Index (EI), providing in-
formation concerning the emotional status of a participant,
as defined in previous studies [39]. (e EI results in-
terpretation predict that higher values would mirror a more
positive and engaging emotion experienced by the subject,
and vice versa.

In the same way as the Cerebral Indexes, the Emotional
Index value was estimated for each second and then
standardized on the basis of the baseline (1minute of open
eyes).

2.3. Statistical Analysis. ANOVA was performed for each
index (AW, Effort, and Emotional) for the factor phase with
three levels (tactile exploration (TE), visual exploration
(VE), and visual and tactile exploration (VTE)), singularly
for each of the following means categories:

(a) Comfort Food versus Daily Food
(b) Major Brand versus Private Label
(c) Foreign versus Local

For all the indexes (AW, Effort, and Emotional), paired
t-test was performed singularly for each phase (tactile ex-
ploration (TE), visual exploration (VE), and visual and
tactile exploration (VTE)), in order to compare the means of

(a) Comfort Food versus Daily Food
(b) Major Brand versus Private Label
(c) Foreign versus Local

For the Major Brand versus Private Label comparison,
we included only Local products in the analysis, due to the
lack of knowledge of the Foreign labels that could bias the
perception of the Brand level.

Since the correspondence between the phases, data from
Experiments 1 and 2 were collapsed for the analyses per-
formed on the VE and VTE phases (therefore, VE and VTE
phases included 32 participants), while for the TE phase,
only data from Experiment 2 were available (therefore in-
cluding data from 13 participants).

In addition, Fisher’s exact test was performed in order to
analyse the distribution of the behavioural categorical data
(e.g., the declared knowledge of the product).

3. Results and Discussion

3.1. Results

3.1.1. Comfort Food versus Daily Food Comparison. (e
comparison between these two categories of products
showed a higher tendency of approach in response to
Comfort Food than Daily Food as evaluated by the AW

Index both in the visual exploration phase (VE) (p � 0.031,
t�−2.26, Cohen’s d� 0.297, df� 26) and in the visual and
tactile exploration (VTE) phase (p � 0.027, t�−2.342,
Cohen’s d� 0.537, df� 26) (Figure 1). (e significance was
not found for the AW Index during the tactile exploration
(TE) phase (p � 0.443,t� 0.794). Concerning the Effort
Index, a statistically significant effect of the phase has been
found (p � 0.003, F(2, 22)� 7.516), with lower values re-
ported for the TE in comparison with both the VTE
(p � 0.001) and VE (p � 0.016) phases (Figure 2). (e same
ANOVA performed on AW and EI data considering the
factor phase (TE, VE, and VTE) did not provide statistically
significant results.

3.1.2. Major Brand versus Private Label Comparison. (e
comparison between the Major Brand and the Private Label
products categories highlighted higher positive rating values
for the Major Brand than for the Private Label products
belonging to the Comfort Food category during the VE
(p � 0.001, t� −4.535, Cohen’s d� 1.865, df� 11) and VTE
(p � 0.001, t�−4.371, Cohen’s d� 1.780, df� 11) phases, but
not during the TE phase (p � 0.919, t� 0.104). On the
contrary, concerning the Daily Food category, the Private
Label obtained higher rating values than the Major Brand
category in the TE (p � 0.019, t� 2.749, Cohen’s d� 0.963,
df� 11) and in the VTE (p � 0.018, t� 2.768, Cohen’s
d� 1.128, df� 11) phases but not in the VE phase (p � 0.186,
t� 1.412). In addition, the Fisher exact test evidenced higher
values of product recognition for the Major Brand than for
the Private Label products concerning both the Comfort
Food (p � 0.036) and the Daily Food (p � 0.003) categories.
Focusing on the rated products (data from Experiment 2),
a higher AW value for the Private Label in comparison with
the Major Brand products during the VTE phase has also
been found (p � 0.018, t�−2.788, Cohen’s d� 0.364,
df� 11). Other paired t-test and ANOVA performed on AW,
Effort, and Emotional Indexes did not report any statistical
significance.

3.1.3. Foreign versus Local Products Comparison. (e
analysis demonstrated higher AW Index values for the
Foreign products in comparison with the Local ones, sup-
porting a higher tendency of approach toward the former
products only during the VTE phase (p � 0.034, t�−2.224,
Cohen’s d� 0.518, df� 29) (Figure 3), but not in the TE
(p � 0.368, t� 0.938) and VE (p � 0.169, t�−1.409) phases.
Similarly, considering the Effort Index, an increased effort
value for the Foreign products in comparison with the Local
ones in the same VTE phase has been shown (p � 0.003,
t�−3.232, Cohen’s d� 0.834, df� 29) (Figure 4(b)), and also
in the VE phase (p< 0.001, t�−3.666, Cohen’s d� 0.965,
df� 29) (Figure 4(a)), but not in the TE phase (p � 0.266,
t� 0.171). Finally, concerning the EI, higher values were
found in response to the Foreign products during the TE
phase (p � 0.010, t�−3.049, Cohen’s d� 0.483, df� 12), but
not in the VE (p � 0.508, t�−0.673) and VTE (p � 0.394,
t�−0.868) phases. ANOVA on the comparison among
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phases (TE, VE, and VTE) did not evidence any statistical
significance for any of the indexes.

4. Discussion

(eEEG results supported the hypothesis 1 that the Comfort
Food category elicited a higher tendency of approach (higher

AW values) than the Daily Food category, as also found in
previous evidences, reporting higher AW values for sweet
foods, and in particular for chocolate, in comparison with
other foods [57]. Moreover, it is interesting to note that this
pattern was found for the VE and VTE phases but not for the
TE phase, therefore suggesting that the visual modality was
prominent over the touch for the hedonic evaluation of the
tested products. (is result was also supported by the evi-
dence that there was a lower processing (as indexed by the
mental effort values) during the TE phase in comparison
with both the VE and VTE phases.

(e lack of statistically significant differences in the
comparison between Major Brand and Private Label products,
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Figure 1: (e graphs represent the statistical results for the AW Index values concerning the comparison between the Daily Food and
Comfort Food categories. (a) Mean AW values during the visual exploration phase (statistically significant difference p � 0.031) and
(b) mean AW values during the visual and tactile exploration phase (statistically significant difference p � 0.027). Error bars represent
standard error.
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Figure 2: (e graph represents the statistical results for the Effort
Index values concerning the comparison among the experimental
phases (visual exploration, tactile exploration, and visual and tactile
exploration) (phase effect p � 0.003). (e post hoc analysis evi-
denced how the tactile exploration phase presented lower effort
values in comparison with both the visual exploration (p � 0.016)
and the visual and tactile exploration phases (p � 0.001). Error bars
represent standard error.
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Figure 3: (e graph represents the statistical results for the AW
Index values concerning the comparison between the Local and
Foreign products categories. Error bars represent standard error.
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Figure 4: (e graph represents the statistical results for the Effort
Index values concerning the comparison between the Local and
Foreign products categories. (a) represents mean Effort Index
values during the visual exploration phase (statistically significant
difference p � 0.001) and (b) represents mean Effort Index values
during the visual and tactile exploration phase (statistically sig-
nificant difference p � 0.003). Error bars represent standard error.
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for what concerns the investigated neurometric indices, could
be explained by the strong balance and correspondence be-
tween analogous products selected in the different categories.
On the contrary, the identified differences between Major
Brand and Private Label in the behavioural results displayed
how the Major Brand products were the most recognized by
participants. In addition, the higher verbally declared pleas-
antness reported for the Major Brand Comfort Food in
comparison with the Private Label Comfort Food in corre-
spondence of the VE and VTE phases suggest that for Comfort
Food, the visual modality is prominent in the evaluation of
Comfort Food quality. On the contrary, for the Daily Food, we
found higher rated pleasantness for the Private Label Daily
Food in comparison with the Major Brand Daily Food during
the TE and VTE phases (both involving the tactile modality).
(is could be explained by the characteristics of the package,
since the Private Label Daily Foodwas a plastic bag that allowed
participants to “feel” the rice seeds when touching, while the
Major Brand Daily Food was constituted by a carton box that
did not confer direct information about the products inside.

Results on the comparison between Foreign and Local
products verified hypothesis 2 and were consistent with
Mandler’s theory [45], which demonstrated that a complex
stimulus, so one requesting a high information processing,
raised more interest than a simple one generating an ap-
proach toward itself (as shown by the highest AW value).

Mental effort results showed that the sample had higher
effort value for the foreign product, during both the VE and
VTE phases, probably because of not having familiarity with
them. (ese results could be caused by the novelty of the
visual features of the Foreign products, which requested
higher cognitive activity to process the information. In fact,
when the stimuli do not have sufficient attributes which call
back a preexisting cognitive model, people spendmore effort
for acquiring the new information and for creating a new
cognitive model [58]. In this case, because of the lack of
familiarity with the foreign products, the sample spent more
cognitive effort for processing information during the in-
teraction with them. Interestingly, during the TE phase, we
did not find any statistical difference between Foreign and
Local products, possibly explained by the fact that the
corresponding goods selected belonging to the Foreign and
the Local categories were extremely similar from a haptic
point of view.

Concerning the AW Index, the value reported for
Foreign products was higher only during the VTE phase,
maybe because of the presence of more appealing design and
informative contents on the back of the packages; for in-
stance, the Foreign Major Brand Daily Food product pre-
sented a naturalistic scenario on the back, instead of some
extremely predictable information, as was the case on the
Local Major Brand Daily Food one.

Furthermore, studies demonstrated that the novelty of
a product, the difficulty in its categorization when com-
pared to preexisting mental images of that product, and
the incongruity between the novel product and the ex-
perienced known products belonging to the same category
mirror to cognitive patterns underlying an increased
curiosity toward the product and an increased tendency of

approach toward it. In particular, Olivero and Russo’s
studies [59] demonstrated that when a product matched
exactly the preexisting mental patterns, it loses its capacity
to attract, causing boredom and avoidance from itself: the
novelty stimulates the curiosity, interest, and the ap-
proach toward the product, especially for people called
“Sensation Seekers,” who are easily bored without high
levels of stimulation.

5. Conclusions

In summary, the results of the present study could be
summarized as follows:

HP1 was confirmed, since different cognitive and
emotional reactions have been obtained, in particular during
the VTE phase in response to Comfort Food.

HP2 was also demonstrated, since the neuroelectrical
indexes for the Foreign products showed higher values of
Effort Index during all the phases in which the visual mo-
dality was involved and a higher approach tendency (AW
Index) toward them during the free manipulation of such
products.

HP3 was not confirmed; in fact, we did not detect any
statistically significant difference in the neurophysiological
reaction to the Major Brand and the Private Label items;
however, this could be explained by the strong analogy and
balance among the selected items.

(e present study has the obvious limitations of the
number of the food packaging products tested, although the
sample size of participants was sufficient to reveal significant
statistical effects. (e future studies should preferably more
focused address the study of different food packages, con-
stituted by different materials (e.g., tetrapack bricks). Nev-
ertheless, the study demonstrated the possibility to
investigate the cerebral and emotional reactions of a group
of normal subjects and potential buyer to the visual and
tactile exploration of food products with a number of
neurometric indexes.
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[30] P. Aricò, G. Borghini, G. Di Flumeri et al., “Adaptive auto-
mation triggered by EEG-based mental workload index:
a passive brain-computer interface application in realistic air
traffic control environment,” Frontiers in Human Neurosci-
ence, vol. 10, p. 539, 2016.
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Over the past few decades, antismoking public service announcements (PSAs) have been used by governments to promote healthy
behaviours in citizens, for instance, against drinking before the drive and against smoke. Effectiveness of such PSAs has been
suggested especially for young persons. By now, PSAs efficacy is still mainly assessed through traditional methods (questionnaires
and metrics) and could be performed only after the PSAs broadcasting, leading to waste of economic resources and time in the
case of Ineffective PSAs. One possible countermeasure to such ineffective use of PSAs could be promoted by the evaluation of the
cerebral reaction to the PSA of particular segments of population (e.g., old, young, and heavy smokers). In addition, it is crucial to
gather such cerebral activity in front of PSAs that have been assessed to be effective against smoke (Effective PSAs), comparing
results to the cerebral reactions to PSAs that have been certified to be not effective (Ineffective PSAs). &e eventual differences
between the cerebral responses toward the two PSA groups will provide crucial information about the possible outcome of new
PSAs before to its broadcasting. &is study focused on adult population, by investigating the cerebral reaction to the vision of
different PSA images, which have already been shown to be Effective and Ineffective for the promotion of an antismoking
behaviour. Results showed how variables as gender and smoking habits can influence the perception of PSA images, and how
different communication styles of the antismoking campaigns could facilitate the comprehension of PSA’s message and then
enhance the related impact.

1. Introduction

Antismoking public service announcements (PSAs) have
been proved to have success in reducing smoking habits in
citizens [1] and this success is also reflected by the fact that
the smoking rate is decreasing in several European countries.
However, the EU’s smoking rate among adults is falling too
slowly to meet the EU government’s goal. &is “insufficient”
success of antismoking campaigns could be due to ineffective
antismoking messages [2] and/or the communication
style which could have the boomerang effect among re-
cipients [3]. On that basis, to increase the success of an
antismoking campaign, it is important to evaluate the impact
of a set of specificmessage features and how such features are

processed by the citizens in order to develop effective health
messages [4]. Individuals’ responses to different types of
antismoking messages have been examined with the aim to
identify certain features that enhance message effectiveness.
In fact, there is evidence that antismoking advertising (ads)
that activate strong negative emotions are better received
and they are associated with a decreased intention to smoke
[5], while messages that simply present health consequences
of smoking might not work [6]. In addition, it has been
suggested that also the thematic content of antismoking ads
is also important [7]. For example, messages that dispose the
manipulative and misleading nature of the tobacco industry
(for more sophisticated audiences) and those that focus on
the negative consequences of second-hand smoke were
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found to be quite effective [6]. Norm-based messages were
also found to be effective for young adolescents [8]. On the
other hand, inconsistencies regarding the effectiveness of
different types of antismoking ads have been also noted.
Understanding antismoking messages that can enhance
persuasion has long been of interest for communication
researchers and those involved in the design of persuasive
communication campaigns. O’Keefe’s studies [9] noted that
many of these studies assess effects of messages that induced
some type of responses without exploring the message
features that generate such responses. Nevertheless,
a growing body of research explores the relationship be-
tween audio and visual features and the outcomes related to
persuasion of the citizens [10]. It is crucial to understand the
relationship between the arousing messages and the effective
comprehension of them. In fact, exposure and compre-
hension alone are insufficient to facilitate persuasion [11].

A recent study investigated the relationship between
fast-paced, evocative messages and message processing in
the context of antidrug PSAs [12]. It was observed as fast-
paced, intense, graphic, and suspenseful messages enhanced
processing of antidrug PSAs. Such research provides the
foundation for a theory of the relationship between arousing
messages and persuasion.

In this scenario, efficient procedures for evaluating the
effectiveness of antismoking messages could be a useful tool
for designing public health campaigns. Encouragingly, re-
search has shown that antismoking advertising can be
successful in both adult [13] and young people [14].

In fact, it is important to understand the factors that
could highlight Effective PSAs and, vice versa, to avoid
features that could promote ineffectiveness in those PSAs, to
develop efficient and cost-effective antismoking campaigns.
Neuroscience techniques, rooted in consumer neuroscience
studies, appeared a valid approach for achieving this goal.
&e antismoking PSA assessment can be performed through
the study of the physiological and cerebral reactions to the
exposure to the different kind of PSAs. &rough such data
collection techniques, several aspects related to the impact of
commercial advertisings can be investigated with respect to
target population’s gender [15, 16], culture [17, 18], and age
[19]; fragments of interest [15, 20, 21]; brand [22]; price [23];
scenes targeting and speaker’s gender [24]; purchasing at-
titudes of the subjects [25]; and preretail testing [26]. &e
capability of assessing the impact of general advertising by
EEG methods has been recently shown employing the
support vector machine on EEG acquired through a frontal
band [27]. In particular, the capability of EEG techniques to
detect different cerebral patterns between smokers and
nonsmokers has been already provided by event-related
potential (ERP) studies, in which the amplitude of the
P300 resulted lower in smokers than in nonsmokers [28, 29].
Importantly, this difference can be affected by the stimulus
category, as evidenced by an ERP study in which it has
been shown a significant smoking cue reactivity of the
neural component P412, a P300-like wave correlated with
unpleasantness-pleasantness in reaction to the cue [30]. In
addition, the autonomic reaction to the vision of aversive
and high-arousing videos has been already investigated,

highlighting a decrease of the heart rate in correspondence
of stimuli characterized by negative content [31, 32]. A
previous EEG and autonomic signals study investigating the
reaction at the exposure to an Effective and an Ineffective
antismoking video in a young sample, and employing the
same indexes adopted in the present research, showed higher
effort and emotional involvement levels in correspondence
of the Effective video [33].

Based on these considerations, we employed different
indexes related to the cerebral and emotional reactions of the
participants to the stimuli provided, which will be explained
in the following paragraphs.

&e aim of this study was to investigate the cerebral and
emotional reaction to the exposure to selected antismoking
PSAs in an adult sample. In particular, we hypothesized the
following:

(i) On the basis of previous researches, which focused
on antismoking campaigns evaluation [34] and their
different effect on sample due to gender, age, and
education variables [35], we presume the existence of
distinct patterns of such indexes during the obser-
vation of Effective and Ineffective PSAs, by in-
vestigating an adult sample divided on the basis of
smoking habit and gender

(ii) Considering that the characteristics of a health
campaign (text, images, and communication style)
can influence its effectiveness [35, 36], we hypoth-
esized a different cognitive and emotional response
provided by those indexes in the evaluated sample
toward the selected stimuli

&e following paragraphs will explain the techniques and
methodologies which allowed us to acquire the neuro-
physiological signal to develop the indexes for this article
(Effort, Emotional, and Visual Attention Indexes), during
the observation of antismoking images divided into Effective
and Ineffective. Successively, the statistical results obtained
for these indexes will be shown and discussed, and this will
allow to confirm or not the initial hypothesis.

2. Materials and Methods

In this study, we employed different indexes related to the
cerebral and emotional reactions of the subjects to the stimuli
provided: the Effort, the Emotional, and the Visual Attention
Indexes. In the following, we would like to describe the roots of
such indexes in the already existing literature of the psycho-
physiological measurement of cognitive and emotional states,
and how such indexes could be linked to the impact of the
images related to Effective and Ineffective antismoking PSAs.

2.1. 6e Effort Index. It is known that the prefrontal cortex
(PFC) plays a pivotal role in a cortical circuit involved in
emotional and cognitive processes [31, 37].&e unbalance of
the EEG spectral power in alpha frequency band (8–12Hz)
over left and right prefrontal areas is frequently used as
a proxy of the involvement of PFC in the decision making.
By using the PFC brain activity, the Effort Index has been
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proposed as an efficient index of cognitive processing and
mental fatigue occurring during the performance of task
[38, 39]. In literature, the use of the Effort Index to evaluate
the processing level and difficulty of task has been performed
in a wide variety of field: neuroaesthetics [40], air traffic
management, and driving tasks [41–48]; auditory [49–51];
and human-computer interaction [52] studies.

2.2. 6e Emotional Index. It has been demonstrated that
emotional involvement has long been acknowledged as an
essential ingredient in the recipe for persuasion; in fact, the
study of persuasion has often examined the various influ-
encing roles of emotion, suggesting how emotion plays an
especially significant role in healthy campaigns [53–56].

&eoretical models have been designed to describe
emotional states mainly including as independent variables
the valence and the arousal experienced by the persons
[32, 57, 58]. Typically, electrodermal (corresponding to the
activity of the sweat glands) and cardiovascular responses are
at the basis of the mostly used indices of activation of the
autonomic nervous system.&e electrodermal activity is often
measured by the galvanic skin response (GSR), and it rep-
resents an index of changes in sympathetic arousal [58–65]. In
addition, the heart rate (HR) has been evidenced as an index
of sympathetic and parasympathetic activity (for a review, see
[32]). Starting from this assumption, in the present research, it
has been adopted an autonomic index, resulting from the
matching of the galvanic skin response (GSR) and the heart
rate (HR). &ese two signals reflect the emotional response to
stimuli [32] and the resulting Emotional Index (EI) has been
conceived starting from Russell and Barrett’s circumplex
model of affect [65], where the HR is plotted on the x-axis,
while the GSR is plotted on the y-axis, reflecting information
concerning the stimuli’ valence (positive or negative) and
arousal (low or high activation) [66–68]. &e EI has been
already applied for instance to the testing of auditory literary
stimuli [38, 40] and to TV commercials [15, 19, 24, 69].

2.3. 6e Visual Attention Index. To increase the un-
derstanding of positive or negative attitudes toward social
problems, eye-tracking (ET) techniques can be helpful in
PSAs evaluation since they have the potentiality for in-
creasing the effectiveness of social communications in dif-
ferent media. ET is a widely used tool in neuromarketing
studies [70] since it can detect movements and position of
the eyes that have been closely related to shifts of attention
[71]. Such technique has already been used to understand
how an antismoking cue is perceived in a natural envi-
ronment by smokers and nonsmokers [72]. Furthermore, ET
has been used assessing how the warning label on cigarette
packs is perceived by adolescent smokers and nonsmokers
[73] and how a social communication should be constructed
in order to maximize the visual attention on the warning
against tobacco consumption [74].

&e experiment was performed in accord with the
principles outlined in the Declaration of Helsinki of 1975, as
revised in 2000, and it was approved by the University
Ethical Committee.

&e experimental sample was composed by 30 volun-
teers (15M; average age� 34.16± 8.11 years old, min� 25
max� 55 years old), 15 Heavy Smokers (HS) and 15 Non-
smokers (NS).

Participants were asked to watch a video sitting on
a comfortable chair in front of a 19″ flat screen with
a distance varying from 50 to 60 cm. &e proposed stimulus
was composed by 6 neutral images taken from IAPS (In-
ternational Affective Picture System) database [75] used as
baseline, followed by a train of 11 antismoking PSA images
displayed in a randomized order (so as to prevent in the
participants reaction the eventual bias attributable to a po-
sitional effect), followed again by the baseline. Images were
displayed for 9 seconds each and, between each pair of them,
a white cross on a black field was shown, so as to reestablish
a central fixation point.

For the EEG, autonomic responses and ET investigation
four antismoking images have been selected from the stimuli
set, as shown in Figure 1.

Data pertaining the promotion of health and economic
improvements in the general population allowed their
classification as “Effective” and “Ineffective” communication
[76, 77].

&e selected PSAs were as follows:

(i) Effective:

(a) NTC, Kids are fast learners (Australia 1997,
paternalistic communication style) (Figure 1(a)):
the image displays a child holding a cigarette in
his right hand and carefully looking at it; on the
bottom of the picture, there is the sentence “Kids
are fast learners.”

(b) CDC, Terry (USA 2012–2015, fear arousing
appeal and narrative/experiential communica-
tion style) (Figure 1(b)): the image portraits
a sick lady presenting the signs of a tracheotomy,
flanked by the sentence “Don’t tell people
smoking is bad, show them.”

(ii) Ineffective:

(a) “We won’t let them spoil our fun!” “Who wants
to be addicted?” Tobacco is wacko (USA 2000,
paradoxical communication style) (Figure 1(c)):
the picture is composed by a text element, il-
lustrating the slogan of campaign, and the pic-
ture depicting a young man with a cigarette in
the act of coughing.

(b) Feel free to say no (European Commission 2003,
communication style aiming at the identification
from young people with the represented young
models) (Figure 1(d)): the picture is composed
by three sections each depicting young people
flanked by the icon of the campaign and the
following antismoking sentences: “Who wants to
be a looser?”

2.4. EEG Recordings and Signal Processing. &e EEG activity
was recorded by means of a portable 19-channel system
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(BEmicro, EBneuro, Italy). &e impedances were kept below
10 kΩ, and the signals have been acquired at a sampling
rate of 256Hz. A notch filter (50Hz) has been applied in
order to reject the main current interference, and then the
gathered signal has been digitally band-pass-filtered by
a fifth-order Butterworth filter ([2÷ 30] Hz), in order to
reject the continuous component as well as high-frequency
interferences, such as muscular artefacts. To detect and
remove components due to eye movement, blinks, the in-
dependent component analysis (ICA) procedure, in par-
ticular the SOBI algorithm [78], has been applied to EEG.
For each subject, in order to take into account any subjective
difference in terms of brain rhythms, it was collected 60-
second-long open eyes segment, recorded at the beginning
of the experimental task. &is baseline data collection was
performed in order to define the EEG bands of interest
according to the methodology of the individual alpha fre-
quency (IAF) [38]. With such methodology, that is, each
band is defined as “IAF± x,” where IAF is the individual
alpha frequency, in Hertz, and x an integer in the frequency

domain [38]. &us, the EEG activity was divided, by filtering
the EEG signals in the time domain, in two main frequency
bands: theta [IAF− 6÷ IAF− 2Hz] and alpha [IAF− 2÷ IAF
+ 2Hz]. To summarize, the activity of the cortical areas of
interest in a specific frequency band, the global field power
(GFP) was then computed. &is is a measurement introduced
by Lehmann andMichel [79] some decades ago to summarize
the synchronization level of the brain activity over the scalp
surface. GFP is computed from a specific set of electrodes by
performing the sum of squared values of EEG potential at
each electrode, averaged for the number of involved elec-
trodes, resulting in a time-varying waveform related to the
increase or decrease of the global power in the analysed EEG.
&e GFP formula is presented in the following equation:

GFPϑ,Frontal �
1
N



N

i�1
xϑi

(t)
2
, (1)

where ϑ is the considered EEG band, Frontal is the con-
sidered cortical area, N is the number of electrodes included

(a) (b)

(c) (d)

Figure 1: PSAs selected from the stimuli set. (a, b) Effective PSAs. (c, d) Ineffective PSAs.
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in the area of interest (in this example, the frontal area), and i

is the electrodes’ index.
To evaluate the mental effort/processing, GFP from such

frontal electrodes in theta band has been used. &us, the
obtained values have been standardized on the basis of the
baseline (the IAPS images) EEG activity acquired at the
beginning and at the end of the experiment. An increase in
the frontal theta (i.e., mental effort) would imply an increase
in the task difficulty [49].

2.5. HR and GSR Recordings and Signal Processing.
Galvanic skin responses (GSR) and heart rate (HR) have been
acquired with a sampling rate of 128Hz through a NeXus-10
(Mindmedia, the Netherlands) system. For these recordings,
the electrodes were placed to the palmar side of the middle
phalanges of the second and third fingers, on the nondominant
hand of the participant, according to published procedures
[80]. Employing the LEDAlab software [81], the tonic com-
ponent of the skin conductance (Skin Conductance Level, SCL)
was estimated. In order to obtain the HR signal, it has been
used the Pan-Tompkins algorithm [82]. &e constant voltage
method (0.5V) was employed for the acquisition of the skin
conductance. &e circumplex model of affect plane was
adopted to collapse information about a stimulus deriving from
SCL andHR [32, 67], as mentioned above. In this model, the x-
axis reported theHR values, reflecting the valence dimension of
a stimulus, while the y-axis reported the SCL values, mirroring
the arousal dimension of a stimulus [59]. By matching HR and
GSR, it is possible to obtain a one-dimensional variable, named
the Emotional Index (EI), providing information concerning
the emotional status of a participant, as defined in previous
studies [15]. &e EI results interpretation predict that higher
values would mirror a more positive and engaging emotion
experienced by the subject, and vice versa.

2.6. Eye-Tracking Recordings and Data Analysis.
Eye-tracking data have been collected in order to establish
where the gaze is directed when looking at the selected
stimuli. A remote eye-tracker has been used (Eye Tribe) with
the sampling frequency set at 30Hz. From the raw data
collected, all the artifactual or nonphysiological points of
gaze were automatically removed. &en, an identification of
the fixations on the images has been performed with an I-DT
(Identification by Dispersion&reshold) algorithm [83] that
uses two thresholds, a spatial one set at 60 pixels and
a temporal one set at 100ms, in order to identify all the
fixations on the proposed images [84]. &e analysis of the
fixations was focused on the informative, antismoking-
related areas of interest (AOIs) for each image, like the
presence of the cigarette (Figure 1(a)), or a text or a claim
against tobacco consumption (Figures 1(b) and (d)).

For each AOI, we obtained the Visual Attention (VA)
Index that takes into account the percentage of total fixation
duration (%TFD) for the selected AOI and the percentage of
the area itself (%Area), calculated as in [85]:

VA �
%TFD
%Area

, (2)

%TFD can give us information about how much at-
tention is given to a particular area of the image (for a review,
see [86]), but several studies highlighted the importance of
the dimension of an area when dealing with attention de-
ployment (for a review, see [86]). With this formula, we can
obtain a nondimensional index suitable for the comparison
of AOIs different in size.

3. Results

Data obtained for the Neuroelectrical Indexes and for the
VA were analysed with ANOVA test. &e between variable
were “Smoking Habit,” with two levels, Heavy Smokers (HS)
and Nonsmokers (NS), and “Gender” with two levels, Fe-
male (F) and Male (M); the within variable was the “PSA
kind,” with two levels, Effective and Ineffective. Duncan post
hoc has been employed on the statistically significant results
from ANOVA. Concerning the results for the EI, t-test has
been used. &e statistical analysis was performed with the
Holm protection against the alpha inflation error possibly
occurring for the execution of multiple comparison [87].

Concerning the Effort Index, ANOVA showed a statis-
tically significant effect for the interaction between the
variables Smoking Habit and PSA kind (F (1.27)� 7.836
p< 0.05); the post hoc analysis highlighted an increase re-
ported by HS group for Effective images when compared to
HS for Ineffective ones (p< 0.05) and to NS for Effective
ones (p< 0.05). Figure 2 shows these obtained results.

Moreover, the statistical results showed a difference for
the Effort Index value between HS and NS group (p � 0.002)
and between Effective and Ineffective (p< 0.05), which
highlighted an increase of this index for HS participants and
Effective PSA, as shown in Figure 3.

&e EI analysis showed a statistically significant effect for
the interaction between Gender (Female and Male) and the
PSA images (Effective and Ineffective): in particular, con-
cerning Effective images, the EI in females showed the lower
value compared to males (p< 0.014), as shown in Figure 4.

&e VA analysis showed a statistically significant dif-
ference between the PSA kind (F � 4.9, p � 0.04), with
higher levels for the Ineffective PSAs as shown in Figure 5.

Concerning the “Gender” variable, the VA analysis
showed a statistical difference in the perception between
Female and Male subjects (F � 6.9, p � 0.01), with higher
levels in the female population; Figure 6 highlights these
results.

4. Discussion

&anks to the use of neuroscience techniques, we measured
the subject’s EEG activity, autonomic response, and eye-
tracker measurement, which allowed to obtain the indexes
explained above, during the observation of selected PSA
images. &e information gathered by these indexes showed
the different perception of the experimental sample toward
the stimuli, on the basis of the different kind of the proposed
PSA images (Effective and Ineffective) and the different
variables of sample (Gender and Smoking Habit).
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&e aim of this paper was to evaluate the perception of
adult sample of Effective PSAs compared to the Ineffective
ones, on the basis of previous studies, which demonstrated
the neurophysiological pattern existence in a young pop-
ulation sample during the observation of antismoking PSAs
[88], evaluating the influence of the sample’ characteristics.
In fact, our results highlighted that the cognitive and
emotional indexes were strongly correlated to smoking habit
and gender, which confirmed the studies about the influence
of socioeconomic variables (as gender, age, and income) on
the smoking addiction [6, 7, 15, 18, 19].

Results related to the use of the VA Index suggest
a tendency for the population to be more focused on the
informative elements of the PSAs for the Ineffective ones. A
possible explanation of such results is pointing at a poor
delivery of the message, since the more an area of interest
(AOI) is attended, the more the processing is made in order
to grasp the information contained in it [84]. As a matter of
fact, in the Ineffective PSAs, the antismoking message ap-
pears to be less clear, or to be hidden in a cluttered image, or
poorly related to the issue.

&e proposed study highlights also a different perception
between the male and the female group in the population
analysed: the female group attends more the informative
parts of the selected PSAs, regardless of its kind. &e pre-
sented stimuli put the sample population in front of a real
and common problem: nicotine addiction and tobacco
consumption, with related health and social problems.&ere
is plenty of evidence in literature that suggest as males tend
to avoid or deny health-related problems [89] or to have less
tendency of seeking help [90], even for quit smoking [91],
when compared to females. &is could be reflected also in
their fruition of communications concerning health prob-
lems such as in this case for antismoking PSAs. &is ob-
servation leads to the necessity of creating a kind of PSA that
do not detach the male population, but that encourage them
to face the problem, against all kinds of perceived social
stigma [92].

Concerning the Effort Index, results showed the highest
value in the high smokers (HS) group during the observation

of PSA Effective images. Such result could be explained by
the peculiar content and style of the images potentially
requiring a higher frontal theta for gaining the antismoking
information. Petty and colleagues’ study [93] demonstrated
that when people have opinions that do not fit with the
receiving messages, they show a negative behaviour toward
stimuli and they are not motivated to process the in-
formation. &is could be occurred in with the case of
nonsmoker participants during the observation of Effective
PSAs. &eir behaviour can be associated with a defence
mechanism which strengthens nonsmokers’ position re-
garding smoking [94].&ese studies could explain the lowest
Effort Index value obtained for NS group when compared to
HS one (p � 0.03).

Concerning the two PSA kinds (Effective and In-
effective), results showed a statistically significant difference
between Effective and Ineffective (p< 0.05). Specifically, the
Effective PSAs selected for this paper, characterized by fear
arousing appeal communication style, elicited higher cog-
nitive processing of antismoking messages than the In-
effective ones, instead characterized by ironic and
informative communication styles. &ese results are cor-
related with a previous study, which tested how the use of
threatening and scary components in antitobacco messages
increased mainly cognitive and emotional processes [95].

Concerning the EI, results showed a similar trend on the
perception between PSA kind and Gender, where women
showed a negative emotional involvement when exposed to
Effective PSAs, while men showed a slightly positive emo-
tional involvement. Statistical results highlighted a significant
difference for Effective antismoking images between females
and males (p � 0.014), according to literature, which high-
lighted a gender difference on the appreciation of TV ad-
vertisements [16], and how women are more influenced by
advertisement that emphasize the health effects of smoking
[96]. &ese researches showed that women seem generally
influenced by antismoking PSAs, causing a more negative
emotional involvement with respect tomen. Furthermore, the
lowest EI value for women reported in this study could be
mainly explained by one of two Effective images, depicting
a sick lady presenting the signs of a tracheotomy.

5. Conclusions

In summary, the results of the present study can respond to
our hypothesis:

(i) &e Neuroelectrical and Emotional Indexes dem-
onstrated the existence of a pattern on perception of
PSA images, based on gender and smoking habit of
the selected sample. &e VA Index highlighted only
the different trend between male and female groups
regardless of PSA kind.

(ii) All explained indexes showed a different reaction, in
accordance with the style communication and the
informative elements of campaigns, during the vi-
sion of antismoking campaigns.

Other studies are necessary to confirm the validity of the
results of such study on a larger sample of population;
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Figure 2: &e graph represents the Effort Index value for both
groups (Heavy Smokers (HS) and Nonsmokers (NS)) during the
observation of PSA images (Effective and Ineffective) (n � 30).
Brackets stand for a statistical significance equal to at least p � 0.05,
or lower. Error bars represent standard error.
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indeed, such results highlight the interest of the neurometric
approach to the general issue of the PSA evaluation.

Furthermore, the obtained results have shown, through
the estimation of the investigated indexes (i.e., Effort Index),
the occurrence of a peculiar neural activation in the pre-
frontal cortex in response to antismoking advertising. &ere
have been many studies which have demonstrated that the

average neural activity in the medial prefrontal cortex
(MPFC) during messaging has been associated with future
healthier behaviour change in individuals (e.g., for smoking
reduction [97], physical activity [98]), as well as population
measures of antismoking campaigns effectiveness (e.g., online
click-through-rates [99] and calls to quit lines [100]). Given
the multiple psychological functions supported by MPFC
[101], examining the functional connectivity, specifically
within the brain’s value system can provide additional in-
formation about why and how certain types of messages, like
graphic warning messages, exert their effects. &e meaning of
the activity in a particular region changes depending on its
interactions with other key regions [102], and examining the
coherence of activity between brain regions during the ex-
posure to different types of messages could provide new,
complementary information about brain function [103]. In
line with the importance of considering MPFC, Cooper and
colleagues [104] found that the functional connectivity within
investigated region during the exposure to health messages is
linked to behaviour change.

Eye-tracking results highlighted a different perception
during the vision of antismoking PSAs; therefore, it could be
interesting to evaluate how this perception is mostly guided
by the saliency or by the semantic content of the images. In
fact, it is possible to evaluate the saliency of a picture, by
applying one of the several methods developed during the
last twenty years (for a review, see [105]). &rough these
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Figure 5: &e graph represents the VA Index value for the PSA
kind images (n � 30). All results plotted in the graphs are statis-
tically significant with p< 0.05 Error bars represent standard error.
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Figure 6: &e graph represents the VA Index value for the
“Gender” variable (n � 30). All results plotted in the graphs are
statistically significant with p< 0.05 Error bars represent standard
error.
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methods, it is indeed possible to obtain a description of the
intrinsic low-level features (such as colour, shape, and di-
rection) of the picture itself that lead to a bottom-up per-
ception in the observer. By putting together eye-tracking
data and saliency data could be therefore possible to un-
derstand if the perception is guided by the saliency of the
picture, or alternatively by the semantic content of the
objects depicted in the image itself.
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Brain-Computer Interface (BCI) is a rapidly developing technology that aims to support individuals suffering from various
disabilities and, ultimately, improve everyday quality of life. Sensorimotor rhythm-based BCIs have demonstrated remarkable
results in controlling virtual or physical external devices but they still face a number of challenges and limitations. Main challenges
include multiple degrees-of-freedom control, accuracy, and robustness. In this work, we develop a multiclass BCI decoding
algorithm that uses electroencephalography (EEG) source imaging, a technique that maps scalp potentials to cortical activations,
to compensate for low spatial resolution of EEG. Spatial features were extracted using Common Spatial Pattern (CSP) filters in the
cortical source space from a number of selected Regions of Interest (ROIs). Classification was performed through an ensemble
model, based on individual ROI classificationmodels..e evaluation was performed on the BCI Competition IV dataset 2a, which
features 4 motor imagery classes from 9 participants. Our results revealed a mean accuracy increase of 5.6% with respect to the
conventional application method of CSP on sensors. Neuroanatomical constraints and prior neurophysiological knowledge play
an important role in developing source space-based BCI algorithms. Feature selection and classifier characteristics of our
implementation will be explored to raise performance to current state-of-the-art.

1. Introduction

Brain-Computer Interface (BCI) is emerging as a promising
rehabilitation technology, that aims to establish a connection
between brain activity and external devices. Recent advances
in invasive BCIs have demonstrated the feasibility of per-
forming complex motor tasks using brain signals by people
with disability such as severe spinal cord injury and
quadriplegia [1]. As invasive BCIs use intracranial electrodes
to measure electrical activity of the cerebral cortex, either
implanted or directly lying on the cortical surface such as
electrocorticography (ECoG), their usage is limited due to
ethical, medical, and physiological issues [2]. .ese limi-
tations are not present with noninvasive BCIs, and the most

widely used noninvasive modality, electroencephalography
(EEG), uses electrodes over the scalp to measure inferred
cerebral cortical activity.

A variety of brain signal types and features have been
used to decode user intent in noninvasive EEG-based BCIs,
such as visual evoked potential (VEP), P300 response, slow
cortical potentials (SCP), and sensorimotor rhythm (SMR),
to name but a few [3]. SMR or mu (μ) rhythm, typically
measured at the alpha band of 8–13Hz over the scalp area
overlying the sensorimotor cortex, can be modulated during
motor execution or motor imagery (MI) tasks, and the BCIs
decoding this type of signal are referred to as SMR-BCIs.
Motor imagery displays similar patterns of brain activation
and communication to motor execution [4, 5] while research
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and development in the domain of SMR-BCIs has brought
some remarkable applications ranging from the accurate
control of a cursor in 2-D space [6], control of a quad-copter
in 3D space [7], control a robotic arm for reach and grasp
tasks [8], and control of a wheelchair [9] proving the po-
tential of this technology.

Nonetheless, noninvasive BCIs also feature a number of
limitations with regards to reliability, speed, and accuracy
and have many challenges to overcome to meet both re-
search and casual everyday use needs. Key features for the
success of SMR-BCIs involve the classification accuracy,
performance robustness, and asynchronous and intuitive
control that requires the decoding of multiple motor im-
agery tasks. Control of an external complex device with
multiple degrees of freedom, such as a robotic arm or an
artificial limb, can be better achieved by utilizing motor
imagery classes that are related to the intended end effector
movement [10, 11], making control more intuitive and thus
requiring less time for training.

Moreover, intrinsic drawbacks of EEG include low
signal-to-noise ratio (SNR), low spatial resolution, and
imprecise and indirect measuring of brain activity mainly
attributed to the volume conduction effect. .is effect de-
scribes the spread of the brain’s electrical field while it is
transmitted from the source space through the cerebrospinal
fluid, skull, and scalp to reach the scalp surface where the
electrodes lay, known as the sensor space [12]. To reduce the
volume conduction effect and study the brain activity on the
cortex, source imaging techniques are commonly used that
map the scalp potentials measured by EEG sensors to
cortical activations on the cortical mantle [13, 14]. Low SNR
led the researches to search for spatial filters that extract the
EEG components that reflect user intention. In this context,
Common Spatial Pattern (CSP) method was proposed to
extract spatial features of event related de/synchronization
during motor imagery [15]. CSP filters are spatial filters
designed to maximize the power difference on their outputs
given different EEG classes [15]. CSP filters are considered as
an effective way to discriminate classes and are one of the
most popular feature extraction methods in the BCI field
[16], which also have multiple extensions [17–20]. Re-
markable classification results have already been reported by
studies that implemented the CSP algorithm or its variants
[21, 22].

In the current study, we describe the development of
a BCI algorithm, aiming to decode multiple (4) MI tasks. In
order to overcome the issues associated with low spatial
resolution, we use source imaging and extract features in the
cortical source space from selected Regions of Interest
(ROIs), using Common Spatial Pattern filters. Finally, the
classification is performed with an ensemble classification
model that synergistically uses the classification models of
selected ROIs, in order to increase classification accuracy.

2. Materials and Methods

2.1. BCI Competition Dataset. .e BCI Competition IV 2a
dataset was used to develop and test the BCI decoding
algorithm. .e dataset contains recordings from 9 healthy

subjects that perform 4 motor imagery tasks, right arm, left
arm, feet, and tongue [23]. .e data of a subject consist of 2
sessions, one intended for training and the other for
evaluation. Each session is comprised of 72 trials for each
MI task, 288 trials in total, recorded with 22 EEG channels
and 3 monopolar electrooculogram (EOG) channels (with
left mastoid serving as reference). In our study, only data
from the training session are used.

At the beginning of each trial (t� 0 s), a white cross on
black background appeared, and after 2 s, an arrow oriented
right, left up, or down informed the subject to perform the
corresponding MI task (Figure 1). .e arrow appeared for
1.25 s, and the subject was asked to keep on performing the
MI task until the white cross disappeared (t� 6 s).

2.2. Signal Preprocessing. Signal analysis was performed
solely on the EEG electrodes, and the EOG channels were
excluded. Average reference was used, and the data were
band-pass filtered at 7–15Hz using a zero-phase FIR filter
in order to capture the event related desynchronization
and synchronization (ERD/ERS) activity [24]. Subse-
quently, data were down-sampled at 100Hz and epoched
for 500 msec after the visual cue with epoch duration of
3000msec. Data were visually inspected for bad channels
but none was excluded. All preprocessing was performed
using a custom Fieldtrip script [25].

2.3. Inverse Problem Solution. EEG source imaging was
deployed to mitigate low spatial resolution and low SNR
caused by volume conduction. EEG source imaging maps
sensor activity to brain neural current distribution at fixed
positions over the cortex. .e source activity is defined in
terms of current dipoles, at a grid of vertices on the MNI
cortical surface template, that model electrical activity of
neuronal groups firing synchronously [26, 27]. .e esti-
mation of the sources from the EEG recordings constitutes
the solution for the inverse problem, while the forward
problem is described by the following equation (assuming
zero noise) [27]:

M � GD, (1)

where M is the Nc × T matrix of the EEG data, G is the lead-
field matrix (also referred as gain matrix) that maps the
source data to sensor data (Nc × Nd), and D is the dipole
current density (Nd × T). Nd is the number of current di-
poles, Nc is the number of EEG channels, and T is the
number of measurements. Solving the forward problem

Motor imageryFixation cross Cue Break

1 2 3 4 5 6 7 8
t (s)

Figure 1: Diagram of a trial and timings during a session of the BCI
Competition IV 2a dataset.
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consists of computing the lead-field matrix, referred to as
head or forward model, that models how current flows from
the sources through different head compartments (scalp,
skull, and cortex) to the scalp surface.

.e Montreal Neurological Institute (MNI) Colin 27
MRI generic template [28] was used as the default subject
anatomy to compute a three-compartment (scalp, skull, and
cortex) head model with symmetric boundary element
method (BEM) using OpenMEEG [29]. Default Brainstorm
Colin 27 cortex was down-sampled using iso2mesh [30] to
5023 vertices, and the relative conductivity values of
Scalp/Skull/Brain was assumed to be 1 :1/15 :1, with σbrain �

σscalp � 0.33 S/m and σskull � 0.0042 S/m [31]. All 5023 di-
poles are assumed constrained to the cortical surface with an
orientation perpendicular to the surface, based on the as-
sumption that EEG primary signal sources are local groups
of pyramidal neurons firing synchronously, located on the
cortex and arranged perpendicular to its surface [26, 31].

Given the lead-field matrix, the inverse EEG problem
consists of finding the dipole current density D in (1). .is is
a highly underdetermined problem since the number of
dipoles (sources) is at the order of thousands and the
number of EEG channels is at most at the order of hundreds,
which in practice means that different current distributions
(brain activity) can lead to exact EEG sensor values. Among
different methods for solving the inverse problem, here it
was solved with the weighted minimum norm estimate
(wMNE) method using the Brainstorm toolbox [32–34].
Sensor noise covariance matrix, required for the compu-
tation of the solution, was calculated on the resting state
period at the start of the session.

2.4. Regions of Interest. Cortical Regions of Interest (ROIs)
were defined on the sensorimotor cortex to reduce the
dimension of the source data derived from the inverse
problem solution, having anatomical constraints and aiming
at extracting valuable information related to MI tasks [11, 35].
24 ROIs were defined based on neuroanatomical landmarks
and Broadman areas and are depicted in Figure 2. Defined

ROIs include bilaterally presupplementary motor area
(pSMA), supplementary motor area (SMA), cingulate motor
area (CMA), dorsal premotor cortex (PMd) and ventral
premotor cortex (Pmv), primary foot motor area (M1F),
primary hand motor area (M1H) and primary lip motor area
(M1L), primary foot somatosensory area (S1F), primary hand
somatosensory area (S1H), secondary somatosensory area
(S2), and somatosensory association cortex (SAC). During
ROI analysis, source times-series that lay only on the defined
ROIs on the mantle are analyzed, excluding from analysis all
the other sources.

2.5. Feature Extraction. Feature extraction was performed at
the source level, on ROIs data in particular. Common Spatial
Pattern (CSP) filters are one of the most used feature ex-
traction methods in BCI domain [16]. Assuming data of two
classes, for example, the motor imagery of right and left, CSP
algorithm calculates spatial filters that maximize the ratio of
variance of data stemming from the two classes. Conse-
quently, the extracted signals are optimally discriminating
two different EEG classes while they are revealing spatial
patterns of different classes [15, 17]. .e spatially filtered
signal S of an EEG trial is given by

S � WM, (2)

where M is a Nc × T matrix representing the EEG mea-
surement of data for the given trial and W is L × Nc matrix
referred as CSP projection, whose rows are the spatial filters
designed to output signals whose ratio of variances are
maximally discriminating input data of two different
classes.

Original CSP algorithm has been developed for two class
problems, though there exist multiclass extensions [17, 37].
Since the classification problem of this work is multiclass,
a multiclass extension of CSP was deployed using the One-
vs-Rest scheme, with L � 8 filters, the last and the first ei-
genvectors of each class were selected [15]. CSP filters were
calculated during training phase, on the mean covariance
matrices of the data conditioned to the four classes.
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Figure 2: Regions of Interest (ROIs) at the cortical level: (a) midline surface, left hemisphere, (b) top view, both hemispheres, and (c) lateral
view, right hemisphere. 1: SAC, 2: S1F, 3: S1H, 4: S2, 5: CMA, 6: M1F, 7: M1H, 8: M1L, 9: SMA, 10: pSMA, 11: PMd, 12: PMv [36].
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In this work, CSP filters were applied to the source data,
and they were calculated on every ROI current dipole time-
series. Assuming Dq the current dipole times-series of ROIq,
that resulted from the solution of the inverse problem (1),
and Wq the CSP filter computed on the data of ROIq, the
output of the ROI-CSP filters is

Z � WqDq. (3)

.e feature vector of ROIq, vROIq ∈ R
L is extracted from

CSP filters output, and each of its components, vp, p� 1, . . . ,
L, is given as

vp � log
var Zp 


L
i�1var Zi( 

⎛⎝ ⎞⎠ ∈ R, p ∈ [1, L], (4)

where Zp is the p row of the matrix Z, that is, the output
signal of the pth CSP filter output. Repeating this procedure
for each selected ROI results to Q feature vectors of L� 8
elements, where Q is the number of selected ROIs.

2.6. Classification. An ensemble classification model was
used for the prediction of the MI task [38], illustrated in
Figure 3. It is supported that an ensemble method using
multiple independent classification models can increase the

classification performance [39, 40]. An independent clas-
sification model was built for each of the selected ROIs, and
the final classification outcome was selected by an inference
(fusion) mechanism. K-nearest neighbors (kNN), Naive
Bayes, Decision Tree, and Linear Discriminant Analysis
(LDA) classifier were tested with LDA having superior
performance as it is demonstrated in the Results section.
.e ROI classification model was based on LDA, and the
inference mechanism was the majority vote of the selected
ROI classification models. .e selected ROIs were the Q
most accurate ROIs according to a selection procedure that
is presented in the next section.

2.7. ROI Selection. .e defined ROIs extend all over the
motor cortex, while the cortical activity related to the
performedmotor imagery tasks is derived only from a subset
of the defined ROIs. ROIs were selected based on their
classification model accuracy. In order to select the most
accurate ROIs, 10-fold cross-validation using the LDA
classifier was performed on ROI level, and this was repeated
10 times to ensure more robust results (in every run, CSP
filters are calculated on different data). .e Q� 8 most
accurate ROIs were selected. .e number is based on
parametric analysis results of the inference mechanism

EEG data

wMNE

Forward
model 

Feature extraction
with CSP filters

on ROI level 
Current dipole

data

ROI1
feature vector

Classification
model ROI1

Inference

ROIQ
feature vector

Classification
model ROIQ

Figure 3: Outline of the implemented decoding algorithm. EEG sensor time series are transformed to current dipole time series. Data from
the Regions of Interest (ROIs) are spatially filtered by ROI-CSP filters, to extract features to be classified by independent ROI classification
models. Predicted class is the most voted class of the ROI classification models. On the classification model scheme, the predicted class is the
outcome of an inference mechanism (majority vote). .e inference mechanism takes as input the predicted class from the individual ROI
classification models.
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accuracy. Parametric analysis was run for different subjects,
and the number of selected ROIs was set to Q� 8.

.e performance of the classification scheme on the
source space was further compared to the performance on
the sensor space using the same setting (10-fold cross-
validation of the LDA classification repeated 10 times).
For the sensor space, the CSP filters are computed on the
preprocessed EEG data. Moreover, to better assess the de-
veloped method, performance in terms of Cohen’s kappa
statistic, a useful metric for multiclass prediction problems,
was compared to the winner of BCI Competition IV of
dataset 2a [23, 33]. .e winner of the competition deploys
CSP on multiple frequency bands (FBCSP) as feature ex-
traction method, Mutual Information-based Best Individual
Feature (MIBIF) algorithm for feature selection, and Näıve
Bayesian Parzen Window (NBPW) classifier [21, 41].

3. Results and Discussion

3.1. Classification Accuracy. Four different classifiers were
tested to select the classifier to make the predictions. LDA,
kNN, Naive Bayesian, and Decision Tree were tested by
performing 10-fold cross-validation, 10 times on all subjects.
LDA had superior performance with the highest prediction
accuracy among all subjects, with mean accuracy 54.1%.
Naive Bayesian was second with 46.9%, followed by Decision
Tree and kNNwith 45.5% and 44.5%, respectively (Figure 4).

.e source method of classification achieved consistently
higher accuracy rates across all subjects (43.7% to 74.5%),
when compared to the sensor method (37.7% to 73.4%), as
illustrated in Figure 5 and displayed in Table 1 below.
Comparison of the developed method’s performance to the
winner of BCI Competition IV of dataset 2a in terms of
Cohen’s kappa statistic [42, 43] (multiclass prediction) is
presented in Table 2.

Classification sensitivity and specificity, also referred to
as true positive and true negative rate respectively, between
the source and sensor method are demonstrated in
Tables 3–6. Among the subjects, the source method has
mean 11.1% higher true positive rate for the left arm, 5.2%
higher for right arm, and 3.3% and 1.9% better rate for foot
and tongue imagery, respectively. .e mean differences of
sensor to source true negative rate metric are low for all
classes, −1.2%, 1.9%, 2.9%, and 3.6% for left, right arm, foot,
and tongue imagery, respectively.

3.2. Selected ROIs. .e ROI selection procedure was per-
formed for all the subjects, exhibiting interesting inter-
subject properties. As illustrated in Figure 6, the symmetrical
left and right S1H, M1L, M1H, and CMA ROIs were the,
Q� 8, most selected among all the subjects, with the left and
right S1H, and left M1L, M1H, and CMA being selected for
all 9 subjects. For the subjects A02T, A06T, A09T the
pMd_R, SAC_L, and S2_R were selected instead of M1L_R,
M1H_R, and CMA_R, respectively, with still 7 out of 8
selected ROIs being on the most frequent ones. Most fre-
quently selected ROIs are illustrated on Figure 7 on the
cortical mantle model.

3.3. Discussion. Noninvasive BCI systems emerge as
a promising and safe solution for rehabilitation purposes
in contrast with invasive BCIs that are associated to health
risks and ethical issues [44], but their commercial use is
still hindered by low performance and instability. Despite
a number of already demonstrated SMR-BCI applications
[8, 9, 45], noninvasive BCIs still suffer from low SNR. In
our work, we investigate the use of source imaging and
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subsequent application of CSP on the source space to com-
pensate for the head volume conduction by mapping scalp
potentials to cortical activations [46]..ere are several studies
supporting that BCI algorithms based on source space fea-
tures are superior to the sensor ones [11, 47], an observation
that is confirmed in our study, comparing the classification
results on the sensor and source space. Our BCI algorithm
uses, in particular, sources belonging to select Regions of
Interest (ROIs) on motor cortex for feature extraction and an
ensemble classification model to take advantage of ROI data.

Despite the fact that our algorithm did not reach the
accuracy levels of the wining method of the BCI Compe-
tition, during the ROI selection procedure, common ROIs
emerged among all subjects. .e emerged ROIs are ana-
tomically and neurophysiologically related to the MI tasks,
linking themethod results with neurological data. Given that

the motor tasks of the competition involved motor imagery
of both arms, tongue, and feet, consistent selection of pri-
mary hand motor areas and primary lip motor area (cortical
representations of hands and face on the primary motor
cortex) seems very promising. Cingulate motor areas are also
considered very important nodes of the sensorimotor net-
work, having been demonstrated to drive the sensorimotor
process [48, 49]. It is our conviction that selected ROIs, as
produced by the developed algorithm, validate our results
since there is a clear neuroanatomical and neurophysio-
logical link between these ROIs and theMotor Imagery tasks
performed in the dataset.

Our method appeared to improve mean accuracy by 5.6%
and by 0.07 Cohen’s kappa value among all subjects, with
respect to sensor method. When our algorithm is compared

Table 1: 10×10-fold cross-validation performance in terms of mean classification accuracy (%) of the developed source method and the
equivalent sensor method.

Subject A01T A02T A03T A04T A05T A06T A07T A08T A09T Mean
Sensor 61.0 45.8 68.2 39.4 38.0 37.7 56.3 67.3 73.4 54.1
Source 62.4 51.3 70.9 46.3 47.6 43.7 67.2 71.9 74.5 59.7

Table 2: 10×10-fold cross-validation performance in terms of mean Cohen’s kappa value, of the developed method in source and sensor
level, and the method developed by the winner of BCI Competition IV, dataset 2a.

Subject A01T A02T A03T A04T A05T A06T A07T A08T A09T Mean
Sensor 0.48 0.27 0.57 0.19 0.17 0.17 0.42 0.56 0.64 0.39
Source 0.50 0.34 0.61 0.30 0.30 0.26 0.56 0.63 0.66 0.46
Winner FBCSP 0.76 0.47 0.83 0.48 0.60 0.34 0.86 0.80 0.78 0.65

Table 3: Sensor method classification sensitivity (true positive rate).

Sensitivity Left (%) Right (%) Foot (%) Tongue (%)
A01T 49.03 70.00 47.92 75.56
A02T 38.75 41.11 61.81 42.22
A03T 80.14 80.83 50.14 60.83
A04T 34.86 37.64 37.92 46.53
A05T 43.33 48.33 25.83 32.08
A06T 35.42 38.33 50.56 27.64
A07T 68.61 57.08 44.03 56.25
A08T 73.47 61.67 65.28 69.31
A09T 81.67 68.89 67.64 78.47
Mean 56.14 55.99 50.12 54.32

Table 4: Sensor method classification specificity (true negative
rate).

Specificity Left (%) Right (%) Foot (%) Tongue (%)
A01T 85.28 84.86 88.33 89.03
A02T 79.63 80.83 87.64 79.86
A03T 91.67 93.47 86.76 85.42
A04T 78.94 77.31 82.59 80.14
A05T 79.40 80.83 79.03 77.27
A06T 80.93 77.96 79.91 78.52
A07T 87.04 85.14 82.50 87.31
A08T 94.21 87.55 83.98 90.83
A09T 93.47 92.78 86.67 92.64
Mean 85.62 84.53 84.16 84.56

Table 5: Source method classification sensitivity (true positive
rate).

Sensitivity Left (%) Right (%) Foot (%) Tongue (%)
A01T 55.97 70.56 52.64 70.69
A02T 49.72 38.33 67.08 50.14
A03T 81.25 81.39 57.92 63.06
A04T 49.44 38.61 48.47 46.53
A05T 71.39 59.17 25.00 37.92
A06T 47.36 44.58 59.03 24.44
A07T 88.47 72.50 45.56 60.56
A08T 77.22 75.14 60.14 76.11
A09T 84.58 70.28 65.00 76.94
Mean 67.27 61.17 53.43 56.27

Table 6: Source method classification specificity (true negative
rate).

Specificity Left (%) Right (%) Foot (%) Tongue (%)
A01T 86.20 85.88 88.80 89.07
A02T 76.90 84.07 88.33 85.79
A03T 89.63 93.29 89.63 88.66
A04T 75.46 84.07 84.40 83.75
A05T 79.12 80.37 86.76 84.91
A06T 78.15 78.75 82.08 86.16
A07T 88.15 89.17 87.69 90.69
A08T 93.70 90.51 86.99 91.67
A09T 92.27 91.85 88.52 92.96
Mean 84.40 86.44 87.02 88.18
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with the winner of the BCI Competition (FBCSP), the mean
accuracy is considerably lower by 0.19 Cohen's kappa value.
.e performance of our algorithm based on kappa value
is considered moderate while that of the winning imple-
mentation is considered substantial [40]. We believe this
difference is attributed to feature selection and classifier used
by the winner. FBCSP generates CSP features in different
frequency bands resulting to multiple features, while feature
selection procedure is a vital component to detect the most
discriminable features [41]. On the other hand, our source-
based algorithm seems to increase the classification accuracy of
subjects with the worst performance, namely the A04, A05, &
A06, as it can be illustrated in Figure 5, outperforming sensor

algorithm by a mean accuracy rate of 7.5%. Nevertheless, the
trend identified cannot lead to safe conclusions yet, since we
cannot infer statistical significance of the results, requiring
further investigation on data with larger population of sub-
jects. Moreover, ensemble classification was used, in an effort
to increase classification accuracy, by synergistically deploying
the independent ROI classification models. Majority vote of
ROI classification models was used as final classification
outcome, although a weighted vote taking into account the
ROI-MI task relation could be considered in the future.

3.4. Limitations and Future Steps. In this study, a generic
template three-compartment BEM head model was utilized
to solve the forward problem. Forward problem solution
induces an important error in the source estimation, as has
been explored extensively in previous studies [50, 51]. Main
forward problem error inducing factors are (a) the use of the
MNI template MRI data rather than the subjects’ individual
neuroanatomy and (b) the absence of cerebrospinal fluid
(CSF) in the forward modeling. Template anatomy was used
for all subjects, missing important geometrical information
for every subject, producing a lead-field matrix that trans-
forms the EEG sensor data into a template cortical manifold
different from the real one. CSF compartment has big in-
fluence on both signal topography and magnitude, resulting
in strong signal attenuation for superficial sources on gyral
crowns [52]. .is effect is termed to the high increase of
conductivity between the sensors and sources. In a future
effort to address this problems, a 4- or 5-compartment head
model including CSF and skull anisotropy will be used,
modeled with finite elements [53].

.ere are two main shortcomings in the use of CSP
method that were not dealt in this work. .e first is that the
CSP filters are prone to noise and overfitting, and the second
is that the CSP performance is highly dependent on the input
signal frequency band the individual subject BCI performance
is dependable on individual frequency band used [20, 21].
.ere are many variants of conventional CSP algorithm
designed to overcome the limitations, with popular vari-
ants being the RCSP that tackle noise and overfitting with
regularization and the FBCSP that better capture the indi-
vidual subject multiple frequency band filters feature selec-
tion, respectively, while a newly introducedmethod combines
aforementioned methods [20, 21, 39].

Future work will focus on better CSP filters extraction
and use feature selection and more sophisticated ensemble
models, in an effort to increase the performance of the al-
gorithm. Since the anatomy used for the forward model is
common among all subjects and the selected ROIs are
common among all subjects, we would like to check the
potential of the algorithm in transfer learning between
subjects. .ere is a study supporting that transfer learning
between different subjects by means of source space can
achieve higher average single-trial classification accuracy
than with a conventional method [54]. Beyond the BCIC IV
2a dataset that is a common ground for the evaluation
of methods decoding multiple MI, we aim to evaluate
the improved method on dataset we compiled for the
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CSI: Brainwave project, containing EEG data of healthy
or subjects with spinal cord injury performing multiple
motor imagery mainly of the upper limbs [36, 55].

4. Conclusions

Source estimation and application of CSP filters at the source
space constitute a promising solution to increasing classifi-
cation accuracy of noninvasive BCIs. Our method has
demonstrated capability in decoding multiple motor imagery
tasks with better accuracy than the equivalent sensor method.
While our implementation still is not superior to the state of
the art of BCI algorithms, feature selection and classifier
characteristics can improve performance. Neuroanatomical
constraints and prior neurophysiological knowledge has been
shown to play an important role in developing source space-
based BCI algorithms. Our results indicate that the selected
ROIs are common among all subjects, which worth further
investigation probably in the context of transfer learning
between different subjects.
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C. H. Wolters, “A guideline for head volume conductor mod-
eling in EEG and MEG,” Neuroimage, vol. 100, pp. 590–607,
2014.

[53] J. Vorwerk, R. Oostenveld, M. C. Piastra, L. Magyari, and
C. H. Wolters, “.e FieldTrip-SimBio pipeline for EEG

Computational Intelligence and Neuroscience 9



forward solutions,” BioMedical Engineering Online, vol. 17,
no. 1, p. 37, 2018.

[54] M. Wronkiewicz, E. Larson, and A. K. C. Lee, “Leveraging
anatomical information to improve transfer learning in brain-
computer interfaces,” Journal of Neural Engineering, vol. 12,
no. 4, article 46027, 2015.

[55] A. Athanasiou, G. Arfaras, N. Pandria et al., “Wireless brain-
robot interface: user perception and performance assessment
of spinal cord injury patients,” Wireless Communications and
Mobile Computing, vol. 2017, Article ID 2986423, 16 pages,
2017.

10 Computational Intelligence and Neuroscience



Research Article
Wireless Stimulus-on-Device Design for Novel P300 Hybrid
Brain-Computer Interface Applications

Chung-Hsien Kuo ,1,2,3 Hung-Hsuan Chen,1 Hung-Chyun Chou,1

Ping-Nan Chen,3 and Yu-Cheng Kuo1

1Department of Electrical Engineering, National Taiwan University of Science and Technology, Taipei, Taiwan
2Center for Cyber-Physical System Innovation, National Taiwan University of Science and Technology, Taipei, Taiwan
3Department of Biomedical Engineering, National Defense Medical Center, Taipei 114, Taiwan

Correspondence should be addressed to Chung-Hsien Kuo; chkuo@mail.ntust.edu.tw

Received 20 April 2018; Accepted 28 June 2018; Published 18 July 2018

Academic Editor: Roshan J. Martis

Copyright © 2018 Chung-Hsien Kuo et al. This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited.

Improving the independent living ability of people who have suffered spinal cord injuries (SCIs) is essential for their quality of
life. Brain-computer interfaces (BCIs) provide promising solutions for people with high-level SCIs. This paper proposes a novel
and practical P300-based hybrid stimulus-on-device (SoD) BCI architecture for wireless networking applications. Instead of a
stimulus-on-panel architecture (SoP), the proposed SoD architecture provides an intuitive control scheme. However, because P300
recognitions rely on the synchronization between stimuli and response potentials, the variation of latency between target stimuli and
elicited P300 is a concern when applying a P300-based BCI to wireless applications. In addition, the subject-dependent variation of
elicited P300 affects the performance of the BCI. Thus, an adaptive model that determines an appropriate interval for P300 feature
extraction was proposed in this paper. Hence, this paper employed the artificial bee colony- (ABC-) based interval type-2 fuzzy
logic system (IT2FLS) to deal with the variation of latency between target stimuli and elicited P300 so that the proposed P300-based
SoD approach would be feasible. Furthermore, the target and nontarget stimuli were identified in terms of a support vectormachine
(SVM) classifier. Experimental results showed that, from five subjects, the performance of classification and information transfer
rate were improved after calibrations (86.00% and 24.2 bits/ min before calibrations; 90.25% and 27.9 bits/ min after calibrations).

1. Introduction

According to World Health Organization (WHO) statistics,
in 2013, there were between 250,000 and 500,000 people
suffering from spinal cord injuries (SCIs) [1]. Due to difficulty
with mobility, an estimated 20% to 30% of people with
SCIs show clinically significant signs of depression. Negative
mental conditions lead to negative impacts on improvements
in function and overall health.Negative attitudes and physical
barriers obstruct basic mobility and result in the exclusion
of people from participation in society. Improvement in the
independent living ability of people suffering fromSCIs is one
method to overcome the disability’s barriers.

Brain-computer interfaces (BCIs) are systems that inter-
pret the brain’s electrical activities to command external

devices [2–6]. Thus, BCIs provide subjects with a nonmus-
cular method to connect with the world. Particularly for
disabled people who suffer from SCIs and strokes, BCIs
improve their independence in daily life. Several studies have
proven that there is a great potential to develop BCIs with
wide applications, such as assistive spelling systems, robotics,
and rehabilitation tools. Reviewing the achievements of
the past several decades, BCIs have been widely discussed.
Faster, more user-friendly and more robust BCIs had been
proposed by several research groups worldwide. With fast-
paced technical developments, BCI studies have reached a
critical point and continue to seek innovative applications.

P300 [7] is one of the conventional BCIs. P300 is an event-
related potential (ERP), and the most significant feature of
the potential waveform is the positive peak occurred around
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300ms after a stimulus. Hence, P300 has been widely used
to provide communication capabilities for healthy users,
wheelchair users, and disabled people with SCIs and strokes.
In addition to P300, steady state visually evoked potential
(SSVEP) is another common BCI modality. SSVEP is an
evoked signal that responds to visual flickering stimuli at a
specific frequency. Because SSVEP is a phase-locked evoked
potential, different phases of flickering stimuli are generated
to obtain more stimulus targets.

Hybrid BCI is a novel architecture that integrates different
BCI modalities, such as ERP, SSVEP, and motor imagery [8–
11]. Particularly, auditory and tactile based P300 BCI and
SSVEP BCI studies were practically proposed [12, 13]. In
general, hybrid BCIs have the advantages of BCI modalities
and compensate for their shortcoming.Thus, hybrid BCIs are
expected to increase the accuracy and information transfer
rates (ITRs). For example, P300 is a major peak and one of
the most-used ERP features. The presentation of a stimulus
in an oddball paradigm can elicit a positive peak in EEG.
Stimuli could be visual, auditory, or somatosensory. P300
has the advantages of requiring less initial user training and
being easy to observe in a simple and discriminative task.
However, due to irrelative stimuli, P300-based BCI has a
reported decrease in performance after long-term operation.
Compared to P300, SSVEP-basedBCIs [13] feature high ITRs,
high signal-to-noise ratios, and relatively obvious patterns
and do not require prior training procedures. However,
SSVEP-based BCI requires accurate control of the subject’s
eye muscles and hardware that allows precisely flickering
stimuli. Therefore, different paradigms of hybrid BCIs are
proposed to improve single BCI modality-based systems.

A robust classifier acts an important role to recognize
EEG patterns. Viewing proposed literatures, SVM [14–16],
Linear Discriminant Analysis (LDA) [17–20], Bayesian Anal-
ysis [21–25], and Artificial Neural Network (ANN) [26–30]
classifiers were discussed. Generally, a specific model for a
user is trained before using BCI. Users are asked to follow
a defined paradigm, and acquired EEG epochs are labeled
particular events. Classification algorithms are trained by a
labeled dataset that is called supervised learning traditionally.
Type-1 fuzzy logic was proposed by Dr. Zadeh and has been
discussed widely in many fields [31–35]. Type-1 fuzzy sets
express the degree to which an input belongs to a fuzzy set
by a crisp value. In 1975, Dr. Zadeh proposed type-2 fuzzy sets
to model uncertainties. IT2FLS features interval membership
functions, known as the footprint of uncertainty (FoU). FoU
is expressed by two boundary functions, including a lower
membership function and a higher membership function.
It is robust to more uncertainties in real environments. For
BCI research, because the brain’s electrical signals are small
and easily affected by the environment and any movement
artifact, type-2 fuzzy systems show a great potential to resolve
those problems. Instead of subjective fuzzymodels defined by
developers’ knowledge, adaptive fuzzy logic systems, such as
Fuzzy-Neural Network (FNN), Genetic Algorithm (GA), and
swarm-based fuzzy systems, were proposed. ABC algorithm
was proposed by Karaboga et al. in 2005 and was inspired by
the foraging behavior of honey bee colonies [36]. It features
fast convergence, less parameters, and strong robustness.

Finally, the proposed P300-based hybrid BCIwith latency
calibration for wireless SoD applications is elaborated in five
sections in this paper, and the structure is stated as follows. In
Section 1, this work specifies people with SCIs and proposes
a wireless networking BCI for wireless home automation
applications. In Section 2, the adopted methodologies of
the proposed BCI are described. EEG processing techniques
and adaptive IT2FLS for BCI calibrations are introduced.
In Section 3, the experimental paradigm is specified. In
Section 4, several experiments are conducted to assess the
proposed hypotheses and approaches. Subjects participated
in experiments to evaluate the performance of the proposed
hybrid BCI. Section 5 reviews the proposed system according
to experimental results. Moreover, improved strategies and
future prospections are discussed.

2. Methodology

This paper aims at presenting a new stimulus-on-device
(SoD) design with combining the wireless sensor network
(WSN) and P300-based BCI applications. Such a WSN and
P300 combination forms a novel BCI application rarely seen
in literatures. Such a SoD exhibits the variation of latency
between target stimuli and elicited P300. Hence, this paper
adopts our previous work [37] that discussed the latency
problems occurred in the conventional P300 studies to deal
with the subjects’ P300 peak latency variation as well as the
WAS transmission delay to make the SoD design practically
feasible.

2.1. SoD Design Concept and Protocol. Considering visual-
based hybrid BCI, P300 and SSVEP are two of the most
discussed BCI modalities. Two main paradigms, including
sequential [36, 38] and simultaneous systems [39, 40], are
usually discussed. As shown in Figure 1, a sequential hybrid
BCI separates a BCI system into a number of blocks. The
output signals of blocks are the input signals of the next
BCI system. On the other hand, a simultaneous hybrid BCI
benefits individual users by obtaining a higher responded
efficiency through the utilizing of an appropriate BCI modal-
ity [41]. A stimulation panel containing a number of visual
stimuli is a common layout for visual-based BCIs. Stimuli
responding to a defined task are arranged and presented
in front of users. Users are able to select a target stimulus
by gazing one of visual stimuli on a panel or a monitor.
Here, this BCI layout is called SoP architecture. Instead
of SoP architecture, the proposed SoD architecture embeds
visual stimuli in target devices and a coordinator controller
sends trigger signals to those stimulation-embedded devices
through wireless communication. SoD architecture benefits
themobility of users when without using amultistimuli stim-
ulation panel. Additionally, without the limited dimension of
stimulation panel, more tasks are able to be defined by adding
visual stimuli in target devices. SoD is a flexible and user-
friendly BCI architecture that provides an intuitive control
scheme.

Based on the SoD architecture, a scenario that applies a
P300-based BCI to a wireless home automation system for
appliance controls, such as lighting, electric curtains, and air
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Figure 1: Block diagram of sequential (a), simultaneous (b), and calibrated sequential (c) (proposed) hybrid BCIs.
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Figure 2: The scenario of wireless home automation based on BCI.

conditioning, is shown in Figure 2. A user is outfitted with an
EEG recorder, and a coordinator controller featuring a built-
in wireless communication module handles the EEG stream.
A visual stimulus panel is placed in front of the user. There
are two sets of LED modules that generate 16 Hz flickering
visual stimuli with different phase delays. The user is able to
start the BCI system by gazing at the stimulus of “Operation”

and applying the P300-based BCI to the appliance controls.
Then, the coordinator controller sends trigger signals to
stimulation-embedded appliances. Here, each stimulation-
embedded appliance is regarded as a stimulation node. The
controller coordinates the latency of flashing stimuli through
wireless communication and extracts epochs that respond to
flashing stimuli.
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However, distances, transmission qualities, and hardware
processing are uncertain factors that cause latency delays for
this kind of SoD applications. Synchronization is influenced
by any jitter between the clocks of an EEG recorder and
the stimulation nodes and varies over time. The timeline of
sent triggers, flashing stimuli, ideal P300 latency, and actual
P300 latency are shown in Figure 3. Induced by the uncer-
tainties of wireless communication, there are differences in

the expected and actual latencies of the elicited P300 for
different subjects and applied situations. Additionally, latency
differences might fluctuate due to the changing quality of
wireless communication. As a result, the accuracy of P300
recognition is affectedwhile the acceptances of users decrease
because of unstable performance. Therefore, a scheme of
“Registration” is proposed. “Registration” allows users to
access a BCI system by identifying the SSVEP. The phase lag
of evoked SSVEP due to communication delays is depicted
in Figure 4. This work attempts to assess how the latency of
the elicited P300 correlates with the phase lag of the evoked
SSVEP. A trained regression model is applied to estimate
the possible latency of the elicited P300 according to phase
lag analysis of the evoked SSVEP. Thus, the uncertainty of
latency caused by wireless communication is resolved. Before
starting “Operation”, users are asked to gaze at the stimulus
of “Registration” to register their model. Users are asked
to register every stimulation node item by item. A trained
regression model is applied to estimate the possible latency
of elicited P300 for each stimulation node. The proposed
wireless P300-based BCI is calibrated when “Registration” is
finished.

The proposed wireless networking BCI includes “Regis-
tration” and “Operation” schemes. “Registration” allows users
to access the BCI system by identifying the SSVEP, and
“Operation” allows users to control stimulation-embedded
devices via P300. A block diagram of “Registration” and
“Operation” is shown in Figure 5.

2.2. EEG Acquisition. This paper used the V-amp (Brain
Products, German) EEG instrument to collect the subject
EEG signal. The experiments were done based on the 4-20
Hz bandpass filtering frequency range. The EEG signal was
acquired with 500 Hz sampling rate. Five electrodes were
placed at P3, Pz, P4, O1, and O2 according to the 10/20
system. P3, Pz, P4, O1, and O2 are channels that respond to
visual stimuli. The acquired EEGs were used for the phase
lag analyses of SSVEP and P300 recognitions. Five electrodes
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Figure 5: The block diagram of “Registration” and “Operation”.
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Figure 6: The system architecture.

were distributed in the occipital area. A reference electrode
was placed at FCz, and a ground electrode was placed at AFz
according to the recommended placement of the EasyCap
(Standard Cap for V-amp, German). The system architecture
is shown in Figure 6.

2.3. Signal Processing and Target/Nontarget Classification. As
mentioned in the Introduction section, this paper adopts
our previous work [37] to deal with the subjects’ P300 peak

latency variation and theWAS transmission delay. Hence, the
signal processing and target/nontarget classification followed
the approaches proposed in [37] as well as the experiment
protocol elaborated in Section 2.1. The approaches for sig-
nal processing and target/nontarget classification are briefly
described as follows.

(1) IT2FLS for BCI calibrations: the proposed calibration
approach is to predict the latency of the elicited P300
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in terms of the phase lag appeared at the 0, 𝜋/2, 𝜋,
3𝜋/2 of a conventional SSVEP waveform. Figure 7
illustrated the operation of the IT2FLS, where xi is
crisp inputs, 𝑥𝑛𝑖 (xi) is the interval fuzzy set, yl and yr
are the maximum and minimum values, respectively,
Ycos is generated in terms of a center-of-sets type
reducer, and yc is a crisp output which was obtained
after the defuzzifier with respect to yl and yr. As
a consequence, the regression model based on an
IT2FLS was used. The calibration was done through
the analysis of phase delays. Evoked phase lags were
the inputs of IT2FLS, and a calibrated latency centroid
of P300was the output for the future application bases
of the SoD approach.The details can be found in [37].

(2) ABC algorithm: in this paper, the parameters of
IT2FLS were evaluated in terms of the swarm-based
ABC algorithm that was inspired by the honey bee
colonies’ foraging behaviors. The scheme of the ABC
algorithm is shown in Figure 8. The details can be
found in [37].

(3) Adaptive IT2FLS for BCI calibration: the block dia-
gram of the proposed ABC-based adaptive IT2FLS
is shown in Figure 9. A labeled training dataset
is required to train the appropriate parameters of
adaptive IT2FLS. A labeled training dataset includes
a number of training trials. Each trail is a pair
consisting of input values (the phase lag of evoked
SSVEP) and a desired output value (the latency
centroid of elicited P300). In the ABC algorithm, a
fitness function describes the level of fitness of the
𝑚th food source, which is a D-dimensional vector
consisting of the parameters of IT2FLS. The fitness
function in this work is defined as (1).

fitness = 1
∑K
𝑘=1 𝑔 (𝑦𝑚,𝑘, 𝑦𝑡 arg 𝑒𝑡,𝑘)

𝑚 = 1, 2, . . . ,𝑀 𝑘 = 1, 2, . . . , 𝐾
(1)

where 𝑦𝑚,𝑘 is the output of the𝑚th IT2FLS when the 𝑘th
dataset is imported, 𝑦𝑡 arg 𝑒𝑡,𝑘 is the desired output of the 𝑘th
dataset, and 𝑔 is the objective function that calculates mean
square errors of the difference between 𝑦𝑚,𝑘 and 𝑦𝑡 arg 𝑒𝑡,𝑘, as

shown in (2). Thus, the 𝑚th food source is evaluated by a
labeled training dataset that contains𝐾 datasets.

𝑔 (𝑦𝑚,𝑘, 𝑦𝑡 arg 𝑒𝑡,𝑘) = √(𝑦𝑚,𝑘 − 𝑦𝑡 arg 𝑒𝑡,𝑘)2

𝑚 = 1, 2, . . . ,𝑀 𝑘 = 1, 2, . . . , 𝐾
(2)

2.4. CCA-Based Spatial Filter for Event-Related Potentials.
Spatial filters are usually applied to improve the SNR of the
EEG. CCA-based spatial filters have previously been used
to increase the classification accuracy of evoked potentials,
such as SSVEP. Spüler et al. proposed a CCA-based spatial
filter for ERP [42]. Here, a CCA-based spatial filter is used to
improve P300 classifications. CCA is a multivariate statistical
method and can be applied to find linear transformations that
maximize the correlation between the two datasets.There are
two multidimensional datasets, M and N, with q variables.
CCA is used to find two transformations, WM and WN, to
maximize the canonical correlation 𝜌, as described in

𝑈 = 𝑊𝑇𝑀𝑀 (3)

𝑉 = 𝑊𝑇𝑁𝑁 (4)

𝜌 = cov (𝑈, 𝑉)
√var (𝑈) var (𝑉) (5)

where WM and WN are two transformations that maxi-
mize the canonical correlation 𝜌 between canonical variables
U andV. The canonical correlations ofM andN are obtained
by solving eigenvalue equations, as shown in

𝐶−1𝑀𝑀𝐶𝑀𝑁𝐶−1𝑁𝑁𝐶𝑁𝑀𝑊𝑀 = 𝜌2𝑊𝑀 (6)

𝐶−1𝑁𝑁𝐶𝑀𝑁𝐶−1𝑀𝑀𝐶𝑀𝑁𝑊𝑁 = 𝜌2𝑊𝑁 (7)

where CMM and CNN are covariance matrices of M and
N, CMN and CNM are covariance matrices betweenM and N,
𝜌2 is a squared canonical correlation value, and eigenvectors
WM and WN are two transformation matrices. Here, 𝑊𝑇𝑀 is
used as the spatial filter. The CCA-based spatial filter acts as
a whitening filter that decorrelates signals. By maximizing
the canonical correlation, the CCA finds a spatial filter that
improves the SNR of the elicited potentials.
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Figure 8: The scheme of the ABC algorithm.
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Figure 9: The block diagram of the proposed ABC-based adaptive IT2FLS.

2.5. SVM Classifier. Given a labeled dataset {(𝑝𝑖, 𝑞𝑖)}𝑛𝑖=1, 𝑞𝑖 ∈{1, −1}, where pi are sampled EEG and 𝑞𝑖 are class labels, SVM
algorithm is trained by solving the following optimization
problem:

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 1
2 ‖𝑤‖2 + 𝐶 𝑛∑

𝑖=1

𝜉𝑖 (8)

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑞𝑖 (𝑤𝑇𝜙 (𝑝𝑖) + 𝑏) − 1 + 𝜉𝑖 ≥ 0 (9)

w and b are the weight vector and the bias of hyperplane.
𝜙 maps pi to a higher dimensional space and 𝜉i are slack

variables. In this work, the radial basis function (RBF) is
adopted to perform nonlinear classifications for BCI.

3. Experimental Paradigm

Eight healthy subjects, composed of 6 males and 2 females
(mean age 22 years, standard deviation three years), partic-
ipated in the experiments. All subjects were students at the
National Taiwan University of Science and Technology and
had minimal prior experience operating visual-based BCI.
All subjects had normal or corrected to normal vision.
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Figure 10: The experimental setup and paradigm.

Subjects were asked to view a stimulation panel of a 1
× 4 matrix. The stimulation panel was composed of four
modules of LED arrays with the same dimensions of 3 (cm) ×
3 (cm), which were placed with an interval of 8 cm between
them. Each LED array presented visible red light on a black
background and used moderate intensity. There was a 50 cm
distance between the stimulation panel and the subjects, who
were in comfortable positions. The experiments include two
major components. First, a flickering stimulus was presented
to observe SSVEP. A phase lag analysis was performed
to realize the difference in evoked SSVEP when applying
different stimulus phases. Second, a flashing stimulus was
presented to observe the elicited P300.The averagingmethod
was used to realize the difference in the elicited P300 between
target and nontarget epochs. In addition, a certain delay was
applied to realize the change of latency of the elicited P300.
Finally, this work assessed how the latency of the elicited P300
correlated with the phase lag of SSVEP. The experimental
setup is summarized in Figure 10.

3.1. SSVEP Session. To realize the phase lag of SSVEP when
providing 0, 𝜋/2, 𝜋, and 3𝜋/2 phase delays, a 16 Hz flickering
stimulus was generated. Tomeet the scenario of the proposed
BCI, the SSVEP sessions were conducted before the P300
sessions.There was a 1-minute break between the SSVEP and
P300 sessions. Before starting the experiments, subjects were
able to select any LED array module based on their comfort
level. Each flickering stimulus continued for 5 seconds, and
there was a 2-second interval between different phase stimuli.

3.2. P300 Session. To realize the responded latency of the
elicited P300 when adding 0, 𝜋/2, 𝜋, and 3𝜋/2 delays corre-
sponding to 16Hzflickering stimuli, an 8Hzflashing stimulus
was generated. Subjects were allowed to select an LED array

module that generated the flashing stimulus. The selected
LED array module was regarded as the target stimulus, and
the remaining LED arraymodules were regarded as nontarget
stimuli. To improve the SNR of the elicited P300, each
stimulus flashed 30 times, and extracted epochs were further
averaged. Therefore, 120 epochs in total, including 30 target
and 90 nontarget epochs, were collected.

3.3. SVM Classifier for P300-Based BCI. An SVM classifier
was used to classify extract epoch into target or nontarget
stimuli. In order to evaluate the implemented BCI, an online
session was simulated. P300 dataset contained an amount of
10 sessions (5 subjects with two sessions each), and there were
100 trials for each session (100 targets and 300 nontargets).
The epochs of first session were used as training dataset, and
the epochs of second session were used as test dataset.

4. Experimental Results and Discussions

4.1. Correlation between Elicited P300 and Evoked SSVEP. To
determine how the evoked SSVEP correlated with the latency
of the elicited P300, phase delays, including 0, 𝜋/2, 𝜋, and
3𝜋/2, for SSVEP and flashing delays, including 0.000 (ms),
15.625 (ms), 31.250 (ms), and 46.875 (ms), for P300 were
evaluated. Because a 16 Hz flickering stimulus was adopted,
the reference signal peaks at 15.625 ms (𝑡ref = 15.625)
and the phase lags were obtained according to (10), where
𝑡res is the latency of peak of the evoked SSVEP, and T is
the period of flickering stimuli. Additionally, the latency of
the elicited P300 was recognized according to the highest
response elicited potential.

𝜃 = 𝑡res − 𝑡ref
𝑇 × 360∘ (10)
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Figure 11: The scatter plot of elicited P300 and evoked SSVEP (8
subjects).

Eight subjects were involved in this experiment. Two
datasets were collected on different days for each subject.
A scatter plot showing the elicited P300 and evoked SSVEP
is depicted in Figure 11. It reveals how the elicited P300
correlates with the evoked SSVEP.The correlation coefficient
is computed by

𝑅 = cov (𝑋𝑃300, 𝑌𝑆𝑆𝑉𝐸𝑃)
𝜎𝑋𝑃300𝜎𝑌𝑆𝑆𝑉𝐸𝑃 (11)

where 𝑋𝑃300 is the latency of the elicited P300, 𝑌𝑆𝑆𝑉𝐸𝑃 is
the phase of the evoked SSVEP, and 𝜎𝑋𝑃300 and 𝜎𝑌𝑆𝑆𝑉𝐸𝑃 are their
standard deviations. Here, the correlation coefficient is 0.8171,
which indicates high correlation between the evoked SSVEP
and elicited P300.

4.2.The Adaptive IT2FLS for BCI Calibration Based on Evoked
SSVEP. An adaptive IT2FLSwas used to calibrate the latency
centroid of the extracted epochs for P300 recognitions. Phase
lags were the inputs of IT2FLS, and an estimated latency
centroid of P300 was the output. An adaptive IT2FLS based
on ABC optimization was trained by a labeled dataset. The
labeled dataset consisted of evoked phase lags (features)
and P300 latency centroids (target). Collected datasets were
further divided into two groups (60% for training instances;
40% for evaluation instances). The training performance is
shown in Figure 12. There were three membership functions
for each fuzzy set (number of fuzzy sets = 4; number of
membership functions = 3), as shown in Figure 13.

4.3. P300 Recognition with and without Calibrations. Here,
a trained IT2FLS model was used to estimate the latency
centroid of the elicited P300 according to the evoked SSVEP.
Different lengths of extracted epochs, including 160 (ms), 140
(ms), 120 (ms), 100 (ms), 80 (ms), and 60 (ms), based on
estimated centroid, were evaluated. If an estimated latency
centroid was located at 𝑡𝑐, an extracted epoch ranged from
𝑡𝑐 − 80(ms) to 𝑡𝑐 + 80(ms) when the length of the extracted
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Figure 12:The training performance of ABC-based IT2FLS for BCI
calibration.

epoch was 160 (ms). On the other hand, without calibrations,
fixed intervals, including 𝑡𝑠 + 300 to 𝑡𝑠 + 460 (ms), 𝑡𝑠 + 300 to
𝑡𝑠 + 440 (ms), 𝑡𝑠 + 300 to 𝑡𝑠 + 420 (ms), 𝑡𝑠 + 300 to 𝑡𝑠 + 400
(ms), 𝑡𝑠 + 300 to 𝑡𝑠 + 380 (ms), and 𝑡𝑠 + 300 to 𝑡𝑠 + 360 (ms),
were adopted.Here, 𝑡𝑠 was the time of flashing stimulus. It was
noted that 5 repetitions were conducted in this experiment,
and the extracted epochs were downsampled at 62.5 Hz. The
SVM classifier was employed to classify extracted epochs
into target and nontarget stimuli. The accuracy rates of the
SVM classifier and the ITRs with and without calibrations
are shown in Figures 14–16 and Table 1. According to
the experimental results, the performance of classification
improves after calibration. In addition, the adopted classifier
maintains satisfactory accuracy rates when decreasing the
length of the extracted epoch.

5. Conclusion and Future Work

This work presented a wireless networking hybrid BCI to
address the issue of improving the independence of indi-
viduals with SCIs. A scheme based on SoD architecture,
which applies a P300-based BCI to wireless applications, was
presented. However, because P300 recognitions rely on the
synchronization between stimuli and elicited potential, the
variation of latency between the target stimuli and elicited
potential is a concern. Therefore, this work proposed “Regis-
tration” and “Operation” schemes that calibrated the latency
centroid of P300 according to the evoked SSVEP and control
stimulation-embedded appliances via P300. Therefore, the
experiments attempted to assess how the latency of the
elicited P300 correlates with the phase lag of the evoked
SSVEP. Five subjects participated in the experiments, and
a trained IT2FLS-based model was applied to estimate the
possible latency centroid of the elicited P300 according to
a phase lag analysis of the evoked SSVEP. In addition, an
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Figure 13: Antecedent membership functions for window calibrations.

Table 1: ITR (bits/min) comparisons between with and without calibrations.

With calibrations Without calibrations
Subject # 1 2 3 4 5 Average 1 2 3 4 5 Average
Length of epoch ITR ITR
160 31.3 35.8 35.8 31.3 27.5 32.3 22.0 25.2 34.2 16.7 16.7 22.9
140 28.7 34.2 34.2 27.5 27.5 30.4 23.0 26.3 34.2 18.3 21.1 24.6
120 28.7 34.2 34.2 27.5 25.2 29.9 22.0 26.3 34.2 19.2 24.1 25.2
100 28.7 31.3 31.3 23.0 25.2 27.9 21.1 26.3 29.9 17.5 26.3 24.2
80 28.7 29.9 28.7 20.1 24.1 26.3 21.1 27.5 28.7 17.5 19.2 22.8
60 21.1 26.3 29.9 15.8 16.7 22.0 20.1 23.0 20.1 15.8 15.8 19.0

SVM classifier was employed to judge either target or non-
target stimuli. Based on calibrated latency centroids, different
lengths of extracted epochs were discussed. Classification
performances showed that the accuracy rates improve after
calibration.

In the future, the uncertainty of the ERP amplitude due to
different distances between users and stimulation nodes is an
interesting topic. In addition, the light intensity of the operat-
ing environment is another issue in real-world applications.
The modulation of appropriate stimulus intensity related to
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Figure 14: The accuracy of P300 classification depending on
different lengths of extracted epochs with calibrations.
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Figure 15: The accuracy of P300 classification depending on
different lengths of extracted epochs without calibrations.

users’ comfort and system performance would be another
future work of this paper.
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In the study of the brain computer interface (BCI) system, electroencephalogram (EEG) signals induced by different movements of
the same joint are hard to distinguish. This paper proposes a novel scheme that combined amplitude-frequency (AF) information
of intrinsic mode function (IMF) with common spatial pattern (CSP), namely, AF-CSP to extract motor imagery (MI) features, and
to improve classification performance, the second generation nondominated sorting evolutionary algorithm (NSGA-II) is used to
tune hyperparameters for linear and nonlinear kernel one versus one twin support vector machine (OVO TWSVM).This model is
compared with least squares support vector machine (LS-SVM), back propagation (BP), extreme learning machine (ELM), particle
swarm optimization support vector machine (PSO-SVM), and grid search OVO TWSVM (GS OVO TWSVM) on our dataset; the
recognition accuracy increased by 5.92%, 22.44%, 22.65%, 8.69%, and 5.75%. The proposed method has helped to achieve higher
accuracy in BCI systems.

1. Introduction

BCI is a technology that enables the brain to establish
communication and control directly between human brain
and computer or other electronic devices without the help
of peripheral nerves and limbs [1, 2]. BCI technology not
only enhances the ability of disabled patients to communicate
with the outside world in the field of medical rehabilitation
[3, 4], but also has wide applications in smart home, mass
consumption and entertainment, military, and other fields.
At present, the research direction of BCI system is mainly in
the following aspects: sensorimotor (SMR) [5], slow cortical
potential (SCP) [6], P300 event-related potential [7], and
steady-state visual evoked potential (SSVEP) [8]. The most
widely used is the SMR BCI system based on motor imagery.

The 𝜇 (8-13Hz) and 𝛽 (13-30Hz) rhythms in EEG signals
will cause a phenomenon named event-related desynchro-
nization (ERD) and event-related synchronization (ERS)
when motor imagery occurs [9, 10]. This means that the
rhythmic activities of the brain represent frequency specific
changes may consist either of decreases or of increases of

power in given frequency bands.The ERD/ERS phenomenon
is an important basis for the BCI systems of motor imagery.

In order to improve the classification accuracy of the
BCI system, researchers have studied the feature extraction
methods and classification methods of EEG signals [11–15].
Themost commonly used feature extractionmethods include
wavelet packet transform (WT), Fourier transform (FT), CSP
[16, 17], and autoregressive (AR) model. The classification
methods include linear discriminant analysis (LDA), support
vector machine (SVM), neural network (NN), and so on.
Wang et al. used the convolution neural network (CNN) to
recognize the image of the brain topographic map of three
kinds ofmotor imagerymovements of the upper limb, flexion
wrist, andwrist external rotation, and the highest recognition
rate in the three classification experiments is 67.89% [18]. Roy
et al. carried out Hilbert transform for two kinds of motor
imagery of shoulder and elbow joint andused discretewavelet
transformation to extract features; SVM gets the highest
recognition rate of 84.91% in the five recognition methods
[19]. Sachin et al. used empiricalmode decomposition (EMD)
to extract the energy features of left and right hand motor
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Figure 1: (a) Experimental photos and Emotiv Epoc+ and (b) Emotiv 14 electrodes located over 10-20 international system positions.

imagery EEG signals and classified them using LS-SVM;
the recognition rate is no less than 95.56% [20]. Tang et al.
used PSO to optimize the hidden-layer visible deep stacking
network (HVDSN) to recognize the left and right handmotor
imagery EEG signals; the recognition rate is no less than
89.84% [21]. Although the above studies have achieved high
recognition results,most of the research focuses on hands and
feet motor imagery, few studies have been conducted based
on multiclass motor imagery of single joint.

In this paper, we propose a method to improve accuracy
of motor imagery BCI using AF-CSP and an optimized OVO
TWSVM classifier. The proposed method is composed of a
total of four stages. First, a notch filter and common average
reference (CAR) are used to remove noise in EEG signal.
Second, EMD is used to obtain IMF, and FFT is used to obtain
AF information of the IMF.Third, theNSGA-II is used to tune
hyperparameters for linear and nonlinear OVO TWSVM.
Finally, an optimized OVO TWSVM classifier is evaluated
using laboratory data sets (three kinds of motor imagery of
shoulder flexion, extension, and abduction) and compared
with state-of-the-art algorithms (LS-SVM, BP, ELM, PSO-
SVM, and GS OVO TWSVM).

2. Materials and Methods

Emotiv Epoc+ is used to collect EEG data of motor imagery.
It is a portable EEG acquisition device with a sampling rate
of 128Hz. It has fourteen electrode channels (AF3, F7, F3,
FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, and AF4) and
two inference electrodes (CMS, DRL), and the electrode
placement follows the international 10-20 standard. Experi-
mental photos, equipment, and the Emotiv 14 electrodes are
located over 10-20 international system positions as shown in
Figure 1.This experiment collected three kinds of EEG signals
of one joint: imagination of shoulder flexion, extension, and
abduction, as shown in Figure 2.

Seven subjects participated in this experimental study.
These subjects were in good health. During the experiment,
subjects were naturally placed with both hands, trying to
avoid body or head movement. During the experiment,
subjects carried out motor imagery under the outside cue,

a single experiment collected EEG signal for 5 seconds, and
then take 5-7 seconds to have a rest; each action repeated
acquisition 20 times. The experimental process is shown in
Figure 3. The dimension of EEG is high and the amount of
data is large, in order to reduce the computational complexity.
In this paper, the EEG signals collected from four electrode
channels of FC5, F3, F4, and FC6 were selected for the
following motor imagery analysis.

3. Theories and Methods

3.1. Data Preprocessing. EEG signals contain a variety of
noise, and it is necessary to perform spatial filtering before
feature extraction of the signal. First, the 50Hz notch filter
is used to remove the power frequency noise. McFarland
et al. compared four kinds of spatial filtering technology to
improve the SNR of EEG signal, and the conclusion shows
the superiority of CAR and large Laplacianmethods [21]; this
paper uses CAR method as the spatial filter. The calculation
of CAR is to subtract the average of all the electrodes from the
selected channel. The formula for calculation is as follows:

𝑉𝐶𝐴𝑅𝑖 = 𝑉𝑅𝐴𝑊𝑖 − 14
4∑
𝑗=1

𝑉𝑅𝐴𝑊𝑗 (1)

where 𝑉𝐶𝐴𝑅𝑖 is filtered potential and 𝑉𝑅𝐴𝑊𝑖 is the potential of
the 𝑖 electrode.
3.2. Empirical Mode Decomposition. EMD is used to stabilize
the nonstationary signals and obtain IMF. The specific EMD
decomposition process is given in document [22]. EEG signal
can be decomposed into IMF components after the empirical
mode decomposition, and the expression is as follows:

𝑆 (𝑡) = 𝑁∑
𝑖=1

𝐶𝑖 (𝑡) + 𝑅𝑛 (𝑡) (2)

where 𝑆(𝑡) represents the original EEG signal, 𝐶𝑖(𝑡) is the 𝑖𝑡ℎ
IMF, and 𝑅𝑛(𝑡) is residual components after screening.

Taking the 1-4s data of the F3 electrode channel in
Figure 3, as an example, use EMD method to decompose
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the denoised signal, and the IMF component is shown in
Figure 4(a). Figure 4(b) is the AF domain information for
the IMF component after FFT. From Figure 4(b), we can see
that the 𝜇 and 𝛽 rhythms of the motor imagery are mainly
distributed in IMF1 and IMF2. In this paper, the sampled data
of the selected 4 electrode channels are decomposed by EMD,
respectively, do FFT to IMF1 and IMF2 of each electrode
channel, and construct the 𝑖𝑡ℎ experiment EEG data matrix𝑋𝑖 (𝑖 = 𝑁 ×𝑀), where𝑁 corresponds to this article is 8 and𝑀 is the selected information of 𝜇 and 𝛽 rhythms.

3.3. Common Spatial Pattern. The traditional CSP algorithm
is essentially looking for a spatial filter to obtainmore obvious
eigenvectors after the signal passed through the filter, which
makes a kind of signal variance reach a maximum, and
another signal reaches a minimum.This method achieves the
purpose of distinguishing two types of signals. CombiningAF
information of IMF with CSP to form AF-CSP and applying
one versus one (OVO) strategy to AF-CSP make AF-CSP
suitable for multiple classification problems, and the specific
process is as follows:

𝑅 = 𝑋𝑖𝑋𝑇𝑖𝑡𝑟𝑎𝑐𝑒 (𝑋𝑖𝑋𝑇𝑖 ) (3)

where𝑇 is transpose operator.Then calculate themixed space
covariance matrix 𝑅𝑐 of the two types motor imagery 𝑅𝑙, 𝑅𝑟
as follows:

𝑅𝐶 = 𝑅𝑙 + 𝑅𝑟 (4)

Eigenvalue decomposition for covariance of mixed space
is as follows:

𝑅𝐶 = 𝑈𝐶𝐴𝐶𝑈𝑇𝐶 (5)

where 𝑈𝐶 is the eigenvector matrix and 𝐴𝐶 is the eigenvalue
diagonal matrix. Whitening matrix 𝑃 is calculated in

𝑃 = 𝐴−1/2𝐶 𝑈𝑇𝐶 (6)

The whitening matrix causes eigenvalues of transformed
matrix be equal one, so we calculate transformed covariance
matrixes 𝑆𝑗 and 𝑆𝑘 in

𝑆𝑗 = 𝑃𝑅𝑙𝑃𝑇 (7)

𝑆𝑘 = 𝑃𝑅𝑟𝑃𝑇 (8)

After whitening, the matrixes 𝑆𝑗 and 𝑆𝑘 have the same
eigenvector, and the following formula can be obtained after
the eigenvalue decomposition:

𝑆𝑗 = 𝐵𝐴𝑇𝐵𝑇 (9)

𝑆𝑘 = 𝐵𝐴𝑅𝐵𝑇 (10)

The desired spatial filter is obtained by the upper form𝑊 = (𝐵𝑇𝑃)𝑇, and we can get a new data matrix after filtering
by𝑊: 𝑍𝑁×𝑀 = 𝑊𝑁×𝑀𝑋𝑖.Feature vectors can be obtained by

𝑓𝑝 = log( var (𝑍𝑝)
∑2𝑚𝑖 var (𝑍𝑖)) (11)

where 𝑍𝑝 (𝑝 = 1, . . . , 2𝑚). The dimension of 𝑓𝑝 can not
exceed𝑁 at most; in this paper, we set𝑚 = 2, so we can get a
vector of four dimensions.

Combined with OVO strategy, eigenvectors constructed
between every two types of actions are

𝑓1 = [𝐹1, 𝐸1] (12)

𝑓2 = [𝐹2, 𝐴1] (13)

𝑓3 = [𝐸2, 𝐴2] (14)

where 𝑓1 represents the eigenvector obtained after AF-CSP
transformation of flexion (F1) and extension (E1) of shoulder
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Figure 4: (a) IMF obtained from 3s EEG signals after EMD decomposition. (b) Amplitude-frequency domain information corresponds to
per IMF of Figure 4(a).

joint. 𝑓2 represents the eigenvector obtained after AF-CSP
transformation of flexion (F2) and abduction (A1) of shoulder
joint. 𝑓3 represents the eigenvector obtained after AF-CSP
transformation of extension (E2) and abduction (A2) of
shoulder joint.

Figure 5 shows one example of the eigenvector 𝑓1 con-
structed by AF-CSP of subject B, and𝑓1 is constructed by two
MI tasks of shoulder joint flexion and extension. In Figure 5,
the lateral axis represents the sequence number of experi-
ments and the vertical axis represents the eigenvalue. We
can see clearly from Figure 5 that the selected 4-dimensional
feature vectors constructed by AF-CSP are distinctly distin-
guishable. The final eigenvector constructed by the AF-CSP
method is

𝑓 = [[[[
[

𝐹1 𝐹2
𝐸1 𝐸2
𝐴1 𝐴2

]]]]
]

(15)

3.4. Twin Support Vector Machine. TWSVM, which is devel-
oped on the basis of traditional SVM, is a new machine
learning method [23]. For the two-classification problem,
TWSVM constructs a hyperplane for every class of samples,
so that each class sample is closest to its own hyperplane
and far away from another hyperplane. TWSVM solves two-
classification problem by solving a set of quadratic program-
ming problems (QPPs), and SVM solves all classification
problems by solving one QPP. This strategy makes TWSVM
work 4 times faster than a standard SVM [24].

Combine OVO strategy with standard TWSVM to get
OVO TWSVM, and the OVO TWSVM has a better clas-
sification performance than the OVO SVM [25]. For 𝑘
class classification problem, the algorithm constructs a two-
classification TWSVM subclassifier between any two classes
of samples. Each subclassifier in OVO TWSVM needs only
two classes of samples for training. Two hyperplanes are
needed to train two types of sample 𝑖 and 𝑗, such as

𝑥𝑇𝑤𝑖𝑗 + 𝑏𝑖𝑗 = 0 (16)
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Figure 5: Twenty sets of four-dimensional eigenvectors 𝑓1 obtained
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𝑥𝑇𝑤𝑗𝑖 + 𝑏𝑖𝑗 = 0 (17)

where𝑤𝑖𝑗 and𝑤𝑗𝑖 are two normal vectors of hyperplanes and𝑏𝑖𝑗 and 𝑏𝑗𝑖 are two hyperplanes. It is generally obtained by
solving the following two-quadratic programming problem:

min 12 𝐴 𝑖𝑤𝑖𝑗 + 𝑒(1)𝑖𝑗 𝑏𝑖𝑗
2 + 𝑐𝑖𝑗2 𝑒(2)𝑇𝑖𝑗 𝜉𝑖𝑗

s.t. (𝐴 𝑖𝑤𝑖𝑗 + 𝑒(2)𝑖𝑗 𝑏𝑖𝑗) + 𝜉𝑖𝑗 ≥ 𝑒(2)𝑖𝑗 , 𝜉𝑖𝑗 ≥ 0
(18)

min 12 𝐴𝑗𝑤𝑗𝑖 + 𝑒(2)𝑖𝑗 𝑏𝑗𝑖2 +
𝑐𝑗𝑖2 𝑒(2)𝑇𝑖𝑗 𝜉𝑗𝑖

s.t. (𝐴𝑗𝑤𝑗𝑖 + 𝑒(1)𝑖𝑗 𝑏𝑗𝑖) + 𝜉𝑗𝑖 ≥ 𝑒(2)𝑖𝑗 , 𝜉𝑗𝑖 ≥ 0
(19)

where 𝑐𝑖𝑗 is a penalty parameter and 𝑒𝑖𝑗 is a column vector of
1.

For the nonlinear separable phenomenonof training data,
OVO TWSVM needs to solve the following optimization
problems when training two samples of 𝑖 and 𝑗:
min 12 𝐾 (𝐴 𝑖, 𝐶𝑇)𝑤𝑗𝑖 + 𝑒(1)𝑖𝑗 𝑏𝑗𝑖2 +

𝑐𝑖𝑗2 𝑒𝑇𝑖𝑗𝜉𝑖𝑗
s.t. (𝐾 (𝐴 𝑖, 𝐶𝑇)𝑤𝑗𝑖 + 𝑒(2)𝑖𝑗 𝑏𝑗𝑖) + 𝜉𝑗𝑖 = 𝑒(2)𝑖𝑗 , 𝜉𝑖𝑗 ≥ 0

(20)

min 12 𝐾 (𝐴 𝑖, 𝐶𝑇)𝑤𝑗𝑖 + 𝑒(2)𝑖𝑗 𝑏𝑗𝑖2 +
𝑐𝑗𝑖2 𝑒𝑇𝑖𝑗𝜉𝑗𝑖

s.t. (𝐾 (𝐴 𝑖, 𝐶𝑇)𝑤𝑗𝑖 + 𝑒(1)𝑖𝑗 𝑏𝑗𝑖) + 𝜉𝑗𝑖 = 𝑒(1)𝑖𝑗 , 𝜉𝑗𝑖 ≥ 0
(21)

Taking three-classification problem in two-dimensional
space as an example to illustrate the process of OVOTWSVM
with Figure 6. Taking 𝑖 and 𝑗 in (21) and (22) as 1 and 2
and solving them, we can get a two-class OVO TWSVM that
classifies class 1 and class 2, i.e., subclassifier 1 in Figure 6.
The subclassifier 2 and the subclassifier 3 can be obtained
by a similar method, which constitute the OVO TWSVM for
solving the three-classification problem together. Taking the
green dot in the figure as an example to illustrate how to

Class 1
Class 2

Class 3

Subclassifier 1

Subclassifier 2 Subclassifier 3

Figure 6: The sketch map of OVO TWSVM.

use OVO TWSVM. First, calculate the distance from the dot
to the two hyperplanes of subclassifier 1; because the dot is
close to the hyperplane of class 1, class 1 gets 1 vote. Second,
calculate the distance from the dot to the subclassifier 2 in
the same manner; since the dot is close to one hyperplane
of subclassifier 2 in class 1, class 1 gets 1 more vote. Third,
calculate the distance from the dot to the subclassifier 3;
because the dot is close to one hyperplane of subclassifier 3 in
class 2, class 2 got 1 vote and class 3 got 0 vote. OVO TWSVM
classify the classified sample into class 1.

For the three-classification problem of this article,
three OVO TWSVM subclassifiers need to set 6 penalty
parameters: 𝑐11, 𝑐12, 𝑐21, 𝑐22, 𝑐31, and 𝑐32.This article sets𝑐11=𝑐21=𝑐31, 𝑐12=𝑐22=𝑐32.
3.5. Multiobjective Genetic Algorithm. The core of the multi-
objective genetic algorithm is to coordinate the relationship
between the target functions and tomake the target functions
reach the Pareto optimal set. The quality of a solution in the
Pareto optimal set is defined according to the dominance
criterion. Any solution 𝜆 of the Pareto optimal set can be seen
as an acceptable solution. If a solution 𝜆1 is no worse than𝜆2 in all objectives and 𝜆1 is better than 𝜆2 in at least one
objective, thenwe define 𝜆1 dominates 𝜆2.Themultiobjective
optimization problem can be stated as

Maxmize 𝐹 (𝜔) = {𝑓1 (𝜔) , 𝑓2 (𝜔) , . . . , 𝑓𝑛 (𝜔)} (22)

where 𝑓1(𝜔), 𝑓2(𝜔), . . . , 𝑓𝑛(𝜔) are the 𝑛 objective functions
and 𝜔 represents the parameters of the model.

The NSGA algorithm based on the fitness sharing tech-
nique proposed by Goldberg is based on the principle of non-
dominated sorting to classify individuals in the population.
And it can obtain a uniformly distributed Pareto optimal
set or noninferior solution. However, the shortcomings of
the algorithm are that the computational complexity is high
and the sharing parameters need to be designated by human
beings. Therefore, Deb's NSGA-II algorithm, which intro-
duces fast nondominated sorting and elitist strategy to define
crowding distance instead of fitness sharing, reduces the
complexity of the algorithm and improves the computation
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Figure 7: The steps of NSGA-II algorithm.

efficiency. NSGA-II overcomes three shortcomings of NSGA:
the computational complexity which dropped from O(MN3)
to O(MN2) (where M is the number of objectives and N is
the population size), an elitist-preserving approach, and no
sharing parameters which need to be specified. More details
can be seen at [26].

Figure 7 describes the application of the dominance cri-
terion in the NSGA-II algorithm. NSGA-II algorithm starts
from an initialization population 𝑃𝑡 and each individual in a
population is no worse than the remaining individuals in the
population. The following steps combine the NSGA- II with
OVO TWSVM to optimize the classification results of OVO
TWSVM. And then generate offspring 𝑂𝑡 from 𝑃𝑡 through
binary tournament selection, crossover, and mutation. Once
a foreign source is obtained, the algorithm will combine the
current population and the current generation into a group
and classify them according to the nondominated sorting and
crowding distance. 𝑁 optimal solutions can be obtained in
the final set.

4. Analysis of Experimental Results

4.1. Construction of the Objective Function. Using NSGA- II
to optimize the parameters, this paper uses the correct rate to
construct the target function. The objective function is given
as follows:

𝐶𝑅𝐹 = 𝐶𝑁𝐹𝑇𝑁𝐹 × 100 (23)

𝐶𝑅𝐸 = 𝐶𝑁𝐸𝑇𝑁𝐸 × 100 (24)

𝐶𝑅𝐴 = 𝐶𝑁𝐴𝑇𝑁𝐴 × 100 (25)

𝐶𝑅 = (𝐶𝑁𝐹 + 𝐶𝑁𝐸 + 𝐶𝑁𝐴)(𝑇𝑁𝐹 + 𝑇𝑁𝐸 + 𝑇𝑁𝐴) × 100 (26)

CRF, CRE, and CRA represent the correct rate of flexion,
extension and abduction, CNF, CNE, and CNA represent the
correct action number of flexion, extension, and abduction,
and TNF, TNE, and TNA represent the total number of
flexion, extension, and abduction. CR represents the total
correct rate.

4.2. Processing Steps. In the training phase, as the search
process goes deep, the whole population tends to gather the

Table 1: NSGA- II preset parameters.

Parameter Name Preset value
P Population size 100
CR Crossover rate 0.9
MR Mutation rate 0.1

global Pareto optimal set until the maximum evolutionary
algebra is reached.Theprocess ofmultiobjective optimization
usually has the following steps:(1) The dataset can be divided into a training set and a
test set (50% for training, 50% for testing) or 5-fold cross
validation, and in this article we use 5-folder cross validation
in the whole analysis process.(2) Change the parameters of the OVO TWSVM and run
the target function.(3) Set evolution algebra or stop criteria [27].(4) Analyze the global optimal set to get the optimal
parameters.

Table 1 shows the preset parameters of NSGA-II algo-
rithm. The population size of the article is 100 and the
crossover rate and mutation rate are 0.9 and 0.1.

Table 2 shows the range of penalty parameters and kernel
function width for OVO TWSVM.

Table 3 shows the partial Pareto optimal set of the subject
A and the corresponding OVO TWSVM model parameters
using the NSGA-II algorithm.

Figure 8 shows the Pareto optimal fronts constructed
by all nondominated solutions when seven subjects reach
the optimal recognition rate. The mark points represent the
optimum solution.

Figure 9 shows the evolutionary convergence curve of
different subjects. It can be seen from the figure that five of the
seven subjects achieved the highest recognition rate within
200 generations, they are subjects A, B, C, E, and F, and their
accuracies are 91.66%, 95.00%, 90.00%, 85.00%, and 85.00%.
All the subjects continued to increase the evolution algebra
until the 600 generations. It was found that two subjects D
and G had converged in the 200 generation, namely, 85%
and 88.33%, respectively. The recognition rate of subjects F
increased to 85% in the 400 generations and remained stable
within 600 generations.

Figure 10 shows the accuracy of the OVO TWSVM clas-
sification using the linear kernel and the RBF kernel, respec-
tively, along with the corresponding penalty parameters c1, c2
and kernel functionwidth𝜆, and S represent different subject.
As can be seen from Figure 10, OVO TWSVM based on RBF
kernel achieved the highest recognition rate on six subjects,
up to 95% on subject B. Subject D's highest recognition
rate appeared in linear kernel based OVO TWSVM, but the
recognition result was only 3.33% less than that of RBF kernel
based OVO TWSVM. Therefore, this paper chooses RBF
kernel based OVO TWSVM as the final recognition model.

4.3. Comparison with Other Methods. Literature [20] uses
LS-SVM to classify the motor imagery EEG signals; this
paper applies the model to our own dataset for classification.
Fivefold cross validation for each person's data, the results,
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Table 2: OVO TWSVM parameter range.

Parameter Name Lower limit Upper limit
c1 Penalty parameter 1 2−3 23

c2 Penalty parameter 2 2−3 23𝜆 RBF kernel function 2−20 23

Table 3: Pareto optimal set of subject A and the corresponding model parameters.

c1 c2 𝜆 CRF CRE CRA CR
0.2031 0.0100 0.7810 0.95 0.85 0.90 0.9000
5.0102 5.7356 0.1130 0.40 0.20 1.00 0.5333
5.4325 6.6230 0.2384 0.75 1.00 0.65 0.8000
6.7280 7.7008 0.7514 0.95 0.95 0.85 0.9166
4.1136 0.0100 0.6551 0.95 0.85 0.90 0.9000
4.8389 7.3435 0.2332 0.80 1.00 0.60 0.8000
3.6172 4.8072 0.1111 0.45 0.15 1.00 0.5333

Table 4: Comparison between AF-CSP and EMD-CSP.

Subjects A B C D E F G Mean
AF-CSP 91.66 95.00 90.00 85.00 85.00 85.00 86.67 88.57%±3.61%
EMD-CSP 88.33 88.33 81.66 76.67 88.33 83.34 73.34 82.85%±5.61%

and the corresponding parameter settings are shown in
Figure 11. Where 𝑐 is the penalty parameter, 𝑔 is the kernel
function width. As can be seen from Figure 11, LS-SVM with
RBF kernel has the highest recognition rate of 92.09% on
subject B, five other subjects were over 75%, and the worst
recognition rate on subject F is 66.66%. Based on the above
results, it can be considered that this method performs well
on the data sets of different subjects.

We also use BP with momentum, ELM, PSO-SVM, and
grid search OVO TWSVM to classify the datasets. The result
of the classification is shown in Figure 12. It can be seen
from Figure 12 that the proposed method (88.57%±3.61%)
has the highest average recognition rate among the seven
subjects compared to other recognition algorithms. LS-SVM
(79.64%±7.47%), GS OVO TWSVM (79.99%±7.76%), and
PSO-SVM (75.95%±7.86%) have similar average recognition
effect on seven subjects, and the average classification results
of BP (61.70%±6.62%) and ELM (61.42%±5.37%) in this
dataset are lower than that of SVM classifier. This shows that
SVM classifier has a great advantage in small samplemachine
learning.

Since the time domain signal is more similar, especially
in the single joint motor imagery EEG signal, in this paper,
we combine amplitude-frequency (AF) domain information
with CSP, namely, AF-CSP to get feature vectors. Different
from the traditional method of combining time domain
signal with CSP to construct feature vector, AF information
can reveal further the difference between different actions in
frequency domain and amplitude range; thus, CSP can get
stronger feature extraction ability. In this paper, we compare
the classification rate using AF-CSP and CSP directly after
EMD, as shown in Table 4. As can be seen from Table 3,
the proposed method has achieved a higher recognition rate

among the 5 subjects, and itmight be interpreted thatAF-CSP
is a more effective feature extraction method.

In order to distinguish the significance of the proposed
method in this article, the one-way analysis of variance
(ANOVA) method was used to compare with the other
five algorithms. The p-value values are shown in Table 5,
where p1, p2, p3, p4, and p5 represent the p-values between
the proposed method and LS-SVM, BP, ELM, PSO-SVM,
and grid search OVO TWSVM. When p≤0.05, there is a
significant difference in the recognition effect between the
two algorithms. It can be seen from Table 5 that the p-values
between the proposedmethod and the five-othermethods are
significantly less than 0.01, which proves that the proposed
algorithm has significant classification in improvement per-
formance compared with other algorithms.

5. Discussion

Common spatial pattern is widely used in motor imagery
to extract EEG features [28]. This method uses supervised
learning to obtain two types of filter to separate two motor
imagery tasks. In recent years, several methods like CSSP
[29], RCSP [30], SSCSP [31], FERCSP [32], SBCSP [33], and
FBCSP [34] have been used to improve conventional CSP. But
the drawback of CSP is that it needs a lot of electrodes. AF-
CSP, which taking into account the AF information in the
EEG signals, uses only four electrode channels to achieve a
better recognition effect than conventional CSP.

And an optimized OVO TWSVM using NSGA-II is used
to improve the accuracy ofmotor imagery; themean accuracy
of the proposed method is 88.57%±3.61%. However, since
there are no articles consistent with the contents of this paper,
we can only discuss articles that are similar to our research
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Figure 8: The Pareto optimal front of seven subjects based on RBF kernel OVO TWSVM.

Table 5: p-value score based on RBF kernel OVO TWSVM and five other methods.

Subject p1 p2 p3 p4 p5
A 1.06e-05 3.90e-07 6.29e-08 2.78e-08 7.22e-05
B 3.80e-02 9.72e-06 6.97e-13 1.00e-03 5.33e-04
C 1.07e-07 6.27e-09 3.60e-11 3.55e-05 2.37e-07
D 2.84e-05 3.99e-07 9.81e-07 6.09e-07 3.00e-04
E 1.00e-04 3.64e-12 3.04e-06 1.84e-06 2.61e-11
F 3.88e-07 8.30e-08 9.84e-08 5.93e-06 3.40e-03
G 3.00e-04 3.82e-09 7.56e-06 4.91e-05 5.94e-07

Table 6: Mean confusion matrices of seven subjects for the pro-
posed method.

Flexion Extension Abduction
Flexion 90.71 7.57 3.50
Extension 5.50 82.14 5.79
Abduction 3.93 10.26 90.71

contents. Literature [18] points out that the manual extrac-
tion of features in the traditional biological signal pattern
recognitionmodel may produce information loss; thus, CNN
with deep learning is introduced to identify of changes in the
brain topographic map. The results show that three kinds of
motor imagery in the hand are 65.51% and the kappa value
in this experiment is 0.481. However, there is still a great
deal of uncertainty about the intention recognition of single
hand. In [19], the wavelet coefficients are calculated from
EEG signals as feature and employed including quadratic
discriminant analysis, naive Bayes quadratic, decision tree, K
nearest neighbors, and SVM classifiers to identify shoulder
and elbow joint movement. The highest recognition rate
is 84.91%, using the SVM classifier. The weakness of this
study is that it only recognizes the shoulder and elbow joint

movements of one hand and there is no further analysis of the
complex movement of the single joint.

It should be noted that we use AF-CSP to extract features
and enhance the feature extraction ability of CSP. OVO
TWSVM is used to identify three types of upper limb
movement; the lowest recognition rate is 85.00%. Compared
with the current research, we have made a more in-depth
analysis of single joint multiclass motor imagery. A more
sophisticated analysis can be done using the mean confusion
matrices given in Table 6 and the kappa value calculated
by Table 6 is 0.82. It appears that the extension action is
more difficult to distinguishwith flexion and abduction of the
shoulder joint using the proposed method. The flexion and
extension of the shoulder joint obtain high recognition rate
by the proposed method.

In addition, [35] proposes a novel correlation-based
time window selection (CTWS) algorithm which considers
the variation in the time latency during the MI task for
MI-based BCI. CTWS adjusts the starting points of time
window for both training and test samples using correlation
analysis and shows significantly improvement than feature
extraction algorithms without CTWS. As the feature extrac-
tion algorithms in the structure of the CTWS algorithm is
substitutable, the focus of the next work is to combine CTWS



Computational Intelligence and Neuroscience 9

A
B
C
D

E
F
G

20 40 60 80 100 120 140 160 180 2000
Generation number

80

82

84

86

88

90

92

94

96

98

100

Ac
cu

ra
cy

 (%
)

Figure 9: Evolutionary convergent fold line chart for different
subjects.
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Figure 10: OVO TWSVM recognition effect diagram of different
kernel function types.

with AF-CSP to increase the recognition rate of the extension
and applying this model to the BCI systems.

6. Conclusion

This paper proposes AF-CSP replace the traditional EMD-
CSPmethod.Themain idea of this method is to analyze the 𝜇
and𝛽 rhythm information contained in each IMF component
after EMD decomposition and extract corresponding AF
information. This preprocessing method not only removes
the influence of irrelevant frequency bands, but also strength-
ens the feature extraction ability of CSP. Secondly, this paper
also uses NSGA-II to optimize the OVO TWSVM parameter
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Figure 11: LS-SVM recognition rate diagram for different kernel
functions.
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Figure 12: Comparison of recognition rates of different methods.

optimization process. Compared with other evolutionary
strategies, the Pareto optimal set obtained by NSGA-II can
make OVO TWSVMmore robust. In the future, we may use
this technology to evaluate the classification of real-time BCI
and apply this method for reach and grasp tasks of a robotic
arm. In order to improve the recognition rate of the method,
wemay use clustering or dimensionality reductionmethod to
get a more obvious feature vector.
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Emotions are a critical aspect of human behavior. One widely used technique for research in emotion measurement is based on the
use of EEG signals. In general terms, the first step of signal processing is the elimination of noise, which can be done in manual
or automatic terms. The next step is determining the feature vector using, for example, entropy calculation and its variations to
generate a classification model. It is possible to use this approach to classify theoretical models such as the Circumplex model. This
model proposes that emotions are distributed in a two-dimensional circular space. However, methods to determine the feature
vector are highly susceptible to noise that may exist in the signal. In this article, a new method to adjust the classifier is proposed
using metaheuristics based on the black hole algorithm. The method is aimed at obtaining results similar to those obtained with
manual noise elimination methods. In order to evaluate the proposed method, the MAHNOB HCI Tagging Database was used.
Results show that using the black hole algorithm to optimize the feature vector of the Support Vector Machine we obtained an
accuracy of 92.56% over 30 executions.

1. Introduction

Emotions play an important role regarding the way in which
people think and behave [1]. In physiological terms, emotions
are phenomena of short duration that represent efficient
modes of adaptation to the constant demands presented
by our environment [2]. One of the most accepted mod-
els that represent emotions is known as the Circumplex
model [3]. This model organizes emotions into points on a
bidimensional plane made up of the following dimensions:
“Valence” (pleasurable or not pleasurable) and “Arousal”
(tension, relaxation); in this way, emotions are organized in a
circular manner within this plane [3]. Furthermore, different
methods exist for measuring emotions within people; those
with the most precision are based on electrophysiological

signals, which can be captured, for example, by an electroen-
cephalogram (EEG) device.

In particular, the increase of the visual component P1
has been studied, with event-related potentials (ERP), by
filtering low spatial frequencies, thus evidencing the rapid
activation of the magnocellular system against stimuli that
trigger emotions of high agitation [4]. The component P1 is
of early onset and precedes facial recognition; therefore, it
is possible to estimate that emotional processing manages
to circumvent the track of regular visual processing when
emotions contained in the stimuli are of high agitation [5].
Furthermore, by means of a classifier generated from the
combination of wavelet entropy and the averaging of wavelets
of EEG signals associated with emotions, a valence of 76.8%
and an agitation of 74.3%have been recognized. Furthermore,
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the decoding of pleasurable or unpleasant emotions known as
valence [6] has been obtained through Linear Discriminant
Analysis. In this context and considering both the temporal
resolution of EEG signals and the possibility of applying
ecological tasks to subjects while registering signals, classi-
fication methods are a tool of great potential for the study of
emotions.

One of the metrics (features) that is the most represen-
tative and which provides the most information is entropy.
Entropy is a measurement of information or order; it mea-
sures the predictability of data. This is, given a set of 𝑁 data
elements, 𝑋 = ⟨𝑥1, 𝑥2, . . . , 𝑥𝑁⟩, entropy is the probability of
being able to predict an element 𝑥𝑖, i.e., the homogeneity or
heterogeneity of the data.

However, this use of entropy can magnify the signal
noise, being extremely sensitive to minimal variations. For
this reason, different ways of measuring entropy have been
proposed, such as approximate entropy, differential entropy,
or sample entropy. Among these methods, sample entropy
presents a valuable statistical consistency and for this reason
was utilized as a basis of comparison [7]. Sample entropy
(SampEn) is based on approximate entropy, which by means
of elimination of repeated information prevents the evalua-
tion of indeterminate logarithms and self-matching, which
can result in inconsistent and erroneous data and thus also
achieve a greater statistical consistency.

Although the SampEn method is highly accurate, it is
extremely sensitive to its input parameters. In fact, there is no
established consensus on the selection of parameters for small
data sets, especially for biological data [8]. Another problem
in the calculation of SampEn is that if the sampling space is
not significant, the built classifiers can produce values with
high levels of error.

These situations present the problem of finding or cal-
culating the most suitable value for entropy that allows
generating high performance classifiers. This task is complex
and can be seen as an optimization problem in itself. A
first approximation to a potential solution can be the use of
full-search algorithms to explore a tree of extremely large
potential solutions. However, these techniques are highly
costly and can lead to an unsuitable large amount of attempts
to find a solution. With this is mind, it is not possible to
propose complete techniques such as Backtracking or hybrid
ones such as Forward Checking.

On the other hand, recently, several approaches have
emerged, inspired by natural phenomena, that allow solv-
ing complex optimization and combinatorial problems in
reduced time periods [9–12]. These techniques have been
successful when the complexity of the problem is not linear,
given that they do not explore the solution tree in their
completeness.

In this article, we propose using an approximate opti-
mization approach to find the best values considering the
predictability of the classifier. The reason for the proposed
approach is the strong impact on the development of clas-
sifiers for emotion recognition based on electroencephalog-
raphy. The main idea is to use the black hole algorithm due
to its low cost, similar to the calculation of entropy. This
algorithm is inspired by the phenomena of black holes [13]

and will be used to build the classifier iteratively.Thismethod
will improve and update the classifier according to its level
of performance: lower percentage of error will be associated
with better evaluation levels.

The present work is organized as follows: Theoretical
background is introduced in Section 2. In Section 3, we detail
the required resources to apply our approximation approach.
Section 4 illustrates the computational experiments including
a comparison with the results obtained using the traditional
calculationmethod. Finally, conclusions and future works are
described in Section 5.

2. Background

First, in Section 2.1 we present the theoretical model for the
classifications proposed by Russell that supports our work
[3]. In Section 2.2, we describe some components associated
with electroencephalography and their relationships with
emotions detection. Following, in Section 2.3, we present
the sample entropy, which is an alternative to entropy. This
method is the main component of the feature vector which
is classified by a Support Vector Machine (SVM).This model
is composed by a set of supervised learning algorithms and
they are described in Section 2.4. In Section 2.5 we expose
some techniques used for the EEG signals treatment. Finally,
in Section 2.6 we will present two relevant works detecting
emotions with EEG.

To conclude, our proposal consists of the preprocessing
of the signal (through EMD and sample entropy) for the
construction of an initial multiclass SVM classifier. Using
this classifier as a base, a population (group) of classifiers is
created, which are formed by groups of modified character-
istics coming from the initial characteristics and a random
variation relative to the error of the classifier.

Once this population is created, it is iterated through
the black hole metaheuristic, which continuously generates
and improves these characteristics in order to obtain distinct
classifiers; these classifiers are then evaluated, always, using
the original characteristics from the signal. Once all the itera-
tions are completed, the best classifier (historically speaking)
is chosen; this classifier is, finally, utilized. Figure 1 shows a
scheme of our proposal.

2.1. Theoretical Model for Emotion Classification. Circumplex
is one of the most used models for emotion classification [3].
This model is composed by two dimensions. One dimension
is known as the valence dimension, which varies from “neg-
ative valence” to “positive valence”. The second dimension
is called arousal, which varies from “low arousal” to “high
arousal”. A graphical representation of theCircumplexmodel
is presented in Figure 2.

There are variants of the Circumplex model in which
extra dimensions are added, such as domination or freedom
in a given situation [3]. However, it has been proven that this
dimension captures the believed consequences by the person
regarding emotion and not the emotion itself [14].

In this work, we have used a discrete quadrant division
to represent the greatest variation among emotional states.
This approach is optimal for classifying and obtaining fewer
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Figure 2: Russell’s classification model [3, 14].

error rates.This is because they represent the greatest possible
distance between agitation and valence (the digital axes).
On the other hand, it would be possible to classify discrete
emotions; there would be a greater probability of erroneously
classifying nearby emotions in thismodel because theywould
represent lower variance values.

2.2. Electroencephalography. Electroencephalography is a
method of neurophysiological exploration that is based
on the registry of cerebral activity through sensors that
translate bioelectric activity into electrical current [15]. It
is a noninvasive method that allows the measurement of
voltage fluctuations that result from the ionic current of the
postsynaptic potentials of neurons.

EEG signals are usually classified by their frequency,
amplitude, shape, or electrode position. The EEG bands are
𝛿 (lower than 4Hz), 𝜃 (between 4Hz and 7Hz), 𝛼 (8-15Hz), 𝛽
(16-31Hz), 𝛾 (higher than 31Hz), and 𝜇 (between 8 and 12Hz).
These bands describe several emotional states [16], although
there are alternative definitions for the bands. For example,
the Beta Band frequency rangemay begin at 12, 13, 14, or even
16 Hz as described in [17], where the 𝑚𝑢 band is not even
defined.

Figure 3: EEG 10-20 system.

Even so, the position of sensors is standardized by the 10-
20 channel system, by which each position is described by a
combination of a letter and a number.The letter indicates the
brain region that may be represented as frontal (F), central
(C), temporal (T), occipital (O), or parietal (P) [18]. Even
numbers indicate positions at the right side of the brain, while
odd numbers indicate positions at the left side. The system
name refers to the use of 10% and 20%proportions to position
the electrodes in relation to four cardinal points: ears, nape
and nasion [19] (as shown in Figure 3).

There is also another positioning system named 10-10
system in which only the 10% proportion is used. In this
alternative system the same bands mentioned before are used
with the addition of other intermediate channels. In the case
of the lobes, letter combinations are created for the channels
between two regions, for example, FP for frontoparietal [20].

The assembly of the electrodes can be done by referencing
the electrodes or with a bipole method.The reference is made
with electrodes that generate a comparison link, generally
with an electrode positioned in A2 (the ear electrode) and
the bipole method is performed by recording the potential
differences between paired electrodes [21].

The applications of EEG are varied [22–26]. However,
its most known use is for clinical diagnosis [27]. In recent
years, however, its use has spread in the research of brain
functions associated with cognitive processes. One of the
most commonly used techniques is event-related potentials
(ERP) that allows the repeated measurement of ongoing
brain activity segments immediately after the presentation
of a stimulus. In this way, by averaging the segments it
is possible to measure the cerebral voltage associate with
the stimuli presented; i.e., by means of an analysis of time
amplitude, it is possible to associate components to the
stimuli [28]. It is also possible to analyze the oscillations
related to events in the frequency domain. This analysis can
be performed in the frequency domain with the analysis of
the spectral decomposition represented in power spectral
density of each trial through the Fourier transform. However,
the time variable with a Fourier transform applied to a series
of consecutive time windows or with a discrete Wavelet
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Transform Analysis can be included. The so-called rhythms
have gained popularity in the research of social neuroscience
and frequency bands (i.e., alpha) have been associated with
cognitive processes and mental states. Because of this and
because of the particular suitability for the investigation of
emotions, this study focused on frequency analysis.

2.3. Sample Entropy. Sample entropy is a variation of approx-
imate entropy (ApEn).This entropy reduces the potential bias
generated by self-matching that arises during ApEn [29].The

function of SampEn is the negative of the natural logarithmof
the conditional probability that two similar sequences, with a
distance of less than 𝑟, for 𝑚 points, continue to be so when
increasing the number of points from𝑚 to (𝑚 + 1). This is to
say that the SampEn is calculated by

𝑆𝑎𝑚𝑝𝐸𝑛 (𝑚, 𝑟,𝑁) = − ln(𝐶𝑚+1 (𝑟)
𝐶𝑚 (𝑟) ) (1)

where 𝐶𝑚 is defined as

𝐶𝑚 (𝑟) = {number of all probable pairs (𝑖, 𝑗) with 𝑥𝑚𝑖 − 𝑥𝑚𝑗  < 𝑟, 𝑖 ̸= 𝑗}
{number of all probable pairs, i.e. (𝑁 − 𝑚 + 1) (𝑁 − 𝑚)} (2)

where |𝑥𝑚𝑖 − 𝑥𝑚𝑗 | denotes the distance between the points
𝑥𝑚𝑖 and 𝑥𝑚𝑗 in the dimension space to be evaluated, 𝑚. The
variable 𝑟 represents the tolerable standard deviation of the
time series. Furthermore,𝑁 represents the length of the time
series. Finally, it has been shown that SampEn has a better
statistical validity for 𝑚 = 1 or 2 and the range of 𝑟 in the
interval between 0.1 and 0.25.
2.4. Support Vector Machines. Support Vector Machines
(SVM) are a set of supervised learning algorithms based on
statistics learning theory [30]. SVMs put all features in n-
dimensional space (the number of dimensions of the feature
vector, 8 in this case) and adjust them to a defined kernel
space (Gaussian, polynomial, etc.). To build a multiclass
SVM, we use the one-against-all method. This technique
consists of constructing 𝑘∗(𝑘−1)/2 binary classifiers (hyper-
planes), separating each class from another, and applying a
voting system [31].

The main advantage of using SVMs is that their model
can be generalized for nonlinear feature spaces. On the
other hand, weighted SVM, which is the method used in
this work, has a regularization parameter C that enables
accommodation to outliers and allows errors on the training
set.

2.5. Signal Processing Algorithms

2.5.1. Technique: Empirical Mode Decomposition. Empirical
Mode Decomposition (EMD) is a data-driven signal process-
ing and analysis technique [32]. This technique breaks down
the signal into its basic components, similar to the creation of
harmonics (fundamental sinusoidal), but with the advantage
that each signal has frequencies and variable amplitudes,
obtaining more information in each component [33].

The main advantage of using this technique is that it
permits softening the signals and decreasing noise, which is
especially useful in physiological signals.

Each component fulfills 2 fundamental requirements:

(i) The number of endpoints and the number of crosses
by zero (zero-crossings) is equal or differs at the most
in 1.

(ii) The average between the top and bottom wrapper is
always zero at each point.

EMD generates a set of Intrinsic Mode Functions (IMF)
that allows obtaining the components of a signal with most
significance. The steps to define the set of functions are as
follows:

(1) Identify all of the local endpoints of the signal.
(2) Connect all local maximums using cubic spline inter-

polation to create a superior wrapper.
(3) Repeat the same process for the local minimums.
(4) Create a 𝑚[𝑥] signal, which is the average of both

wrappers.
(5) The first resulting signal is the original signal minus

𝑚 (average) signal:

IMF [𝑛] = 𝑥 [𝑛] − 𝑚 [𝑛] (3)

(6) The remainder of the original signal is obtainedminus
the IMF; i.e.,

𝑟 [𝑛] = 𝑥 [𝑛] − 𝐼𝑀𝐹1 [𝑛] (4)

(7) If IMF satisfies the definition (the 2 basic require-
ments), it is accepted as a valid IMF; otherwise the
process is rejected and repeated using the remainder
as the original signal.

This continues until the stopping condition is met, which
can be a certain number of iterations or until the residue
contains no more than one endpoint.

2.5.2. Technique: Wavelet Transform. The use of wavelet
transformation for EEG signal classification was proposed
by [34]. To do this, the signal is decomposed in a set of
basic signals called wavelets. These signals are obtained from
a mother wavelet, which is a signal wavelet prototype that
was generated through dilatations, contractions, and signal
changes. The wavelet coefficients resulting from this analysis
represent similarity between the scaled/shifted wavelets and
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the original data. Despite the fact that this method of
analysis permits obtaining a higher temporal resolution than
the Fourier transform, the frequency resolution is lower in
the low frequencies. Also, in the high frequencies, when
the frequency resolution increases, the temporal resolution
decreases.

In spite of the mentioned limitations, the frequency
analysis of wavelet has been used, among other things, to
determine the intracortical coupling, unraveling cerebral
synchrony through the systems of communication between
near and distant neurons associated with cognitive processes
[35]. Likewise, the analysis of oscillations has been relevant
in the study of mirror neurons, which, according to some
authors, is the basis of empathy [36]. The rhythm Mu (𝜇)
(8-12Hz) in the sensorimotor cortex, associated with the
system of mirror neurons, is more active when subjects are
at rest and it is desynchronized when an action is carried
out or an action is observed [37]. In this way, the study
of the synchronization of the oscillations has been of great
importance for the understanding of aspects such as empathy,
emotional reactions, and even social interactions [38].

2.5.3. Comparison: EMD versus Wavelet. EMD is an iterative
process that allows a transversal time-frequency analysis by
extracting the oscillatory characteristics. On the other hand,
the wavelet transform allows performing a longitudinal anal-
ysis of the frequency changes over time by convolving a signal
based on a mother wavelet. Particularly the EEG signals are
characterized by being non-Gaussian and nonstationary; due
to this, it has been observed that the wavelet transform has
a worst resolution of time and frequency while the EMD
provides a more intuitive understanding of the data [39].
In addition, the EMD does not have the need for arbitrary
bandpass filter cut-offs and the phase is detected independent
of the amplitude.

2.6. Relevant Works

2.6.1. Applications: WEAVE Algorithm. WEAVE is EEG-
emotion valence classifier based on five steps:

(1) Segmentation of EEG signals related to emotions in
windows of 6 seconds.

(2) Extraction of the wavelet metrics to formWEAVE.
(3) Calculating the complexity of metrics with Normal-

ized Mutual Information (NMI) [40].
(4) Reduction of channels through NMI.
(5) Classification with the Support Vector Machine

(SVM) algorithm using the SequentialMinimal Opti-
mization (SMO) algorithm to train the SVM.

The advantages of the wavelet transform are due to the
regularity in the intersegment estimation and the subbands
obtainment through the bandpass filter and the denoiser
signal decomposition [41].

2.6.2. EEG-Based Emotion Recognition Using Combined Fea-
ture Extraction Method. A state of excitement in the cerebral

cortex can be identified using the detection of a significant
Beta Band [42].This state is recognized as a favorable scenario
for emotion recognition [43, 44].

In [42], a method is proposed for the recognition of
emotions using Empirical Mode Decomposition (EMD) and
the sampled entropy for the generation of a classifier using
SVM. The main advantage of this method is that only 2
channels are used (F3 and C4). EMD is used on both signals
to calculate the first 4 IntrinsicMode Functions (IMFs). Each
of the 8 resulting IMFs is calculated with SampEn. Later,
this entropy is used for the characteristics vectors and to be
entered into the SVM for training and testing.

For the reconstruction of the Beta Band they used low
pass and high pass Butterworth filters. Signals were filtered
using a 3rd-order bandpass Butterworth filter [45] with a cut-
off frequency of 12.5 and 30 Hz and the resonant frequency
equal to 0.1 Hz [46].

Furthermore, for the experiment, the Database for Emo-
tion Analysis using Physiological Signals (DEAP) was used
[47]. In general terms, the experimental results presented by
the authors indicate that the proposed method obtains an
accuracy of 94.98% for binary-class task and the best accuracy
achieves 93.20% for themulticlass task using DEAP database.
In this way, the results presented by the authors are highly
appropriate in relation to other means of classification. In the
Figure 4, we present a working schema of the proposed by
[42].

Upon analyzing, in detail, the process, we can see that the
entropy values strongly affect the creation of the classifier and
are directly related to the configuration of the input param-
eters. In addition, due to the search process is an iterative
procedure, it is not possible to determine the performance of
the classifier until the process is finished.

3. Materials and Methods

3.1. Dataset. For our proposal, presented in Section 3.3, we
used theMAHNOBHCI Tagging Database [48].This dataset
is formed by 563 sessions realized by 30 participants. Each
session contains data fromonly one person. Participants were
presented with movies and images with emotional content.
While they were being presented with the emotional content,
they were monitored with EEG of 32 channels, 6 cameras,
a microphone in the head (head-worn microphone), an eye
gaze tracker, and conductivity, among other sensors.

Furthermore, for each session, participants were asked
to answer a survey regarding emotions they felt, levels of
agitation, valence and domination, among other questions.
We used the agitation and valence (high, low) to create
the multilabelled classifier, where each of the four classes
is one of the quadrants. When using a multiclass model
for classification, the answer must be in one of the classes
contained in the model. To avoid the creation of a null class,
it is advisable to use the full spectrum of emotions. For this,
the Russell quadrant model was selected [3], which includes
all the possible emotions discretized in points.

For this study, we used the F3 and C4 channels of the
EEG sensor, as it was done in [42]. These channels represent
part of the Beta Band, which is significant when the brain
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Figure 4: EEG-based emotion recognition using combined feature extraction method.

is in excited states [49], an ideal condition for recognizing
emotions. The activity of the Beta Band is clearer in the
frontal, temporal, and central areas, in regions such as F3,
F4, C3, C4, T3, and T4. For the selection of channels,
a reconstruction of the Beta Band was performed, and
the power spectral density (PSD) was calculated. Since the
average of PSD in the F3 and C4 was more significant, these
were chosen for the realization of this study.

3.2. ApproximateMethods. In optimization new approximate
techniques have been proposed in order to improve the
search process. Many of these algorithms are on inspired in
social environments, natural phenomena, and the biological
evolution [50]. These methods have widely been used to
solve uncountable optimization problems [51]. Swarm intel-
ligence is a particular case of metaheuristics that groups
a subset of algorithms and it allows solving optimization
problems using collective intelligence. For instance, social
situations and human behavior have inspired the imperialist
competitive algorithm [52] and the brainstorming algorithm
[53], respectively. Techniques based on single-solution such
as the intelligence water drop algorithm [54] have been
proposed. Moreover, approximate methods such as the ant
colony optimization algorithm [55] are population-based
using the collective intelligence of individuals. On the other
hand, techniques inspired by the collaborative behavior of
some animals have been proposed in [56–59], among others.
More sophistic techniques are inspired by spatial phenomena
such as the gravitational search algorithm [60], the black
hole algorithm [61], the big bang algorithm [62], and the big
bang-big crunch algorithm [63] and others. Finally, genetic
algorithms [64] and differential evolution [65] are two of

the best-known techniques inspired by the process of natural
selection.

3.3. Proposed Approach. To solve this problem, we propose to
use an approximate method that permits evaluating previous
behavior of the classifier, and if necessary, allowing for
improvement. The approximate techniques have been widely
used in real world problems [66, 67], being very useful when
the search space is extremely large and the use of complete
search algorithms is unfeasible. While there are many alter-
natives to solve this problem, we have decided using the
black hole algorithm due to the fact that it is relatively easy
to implement, and it is slight free from tuning parameter
issues. Moreover, this method uses a technique of explo-
ration/exploitation free of external components reducing the
probability of being affected to unexpected changes. Finally,
as reported in [68], the black hole algorithm in optimization
problem converges to global optimal in each evaluation while
its competitors’ genetic algorithm, ant colony optimization,
and simulated annealing can be caught in local optimum
solutions.

The black hole algorithm is based on the phenomenon of
the same name, which occurs in outer space and is inspired by
the law of attraction/absorption. The algorithm follows three
main fundamentals:

(1) A star in space is considered a solution to the problem.
As a population-based algorithm, a certain number of
stars are randomly generated.

(2) The black hole is selected. A black hole represents the
star with the best performance of all solutions.
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Require: number of stars (solutions) and stop criteria (maximum of iterations)
Ensure: the black hole. In our case, the best classifier.
(1) produce the first generation of 𝑛 stars in the search space.
(2) select the best solution as black hole.
(3) while a good enough solution has not been reached in a maximum of iterations do
(4) for all star 𝑠𝑖, (∀𝑖 = 1, . . . , 𝑛) do
(5) evaluate classifier performance using cross-validation of data.
(6) change the location of 𝑠𝑖 according to Eq.(5).(7) if 𝑠𝑖 is better than black hole then
(8) select the current solution 𝑠𝑖 as black hole.(9) endif
(10) {𝑠𝑖 cross to the event horizon defined by Eq.(6)}
(11) if 𝑟 > 𝑓𝑏ℎ/∑𝑛𝑖=1 𝑓𝑖 then
(12) replace 𝑠𝑖 with a new star in a random location in the search space.
(13) endif
(14) endfor
(15) endwhile
(16) return results and visualization.

Algorithm 1: Black hole algorithm.

(3) Themovement and generation of new stars are carried
out through the absorption formula:

𝑥𝑑𝑖 (𝑡 + 1) = 𝑥𝑑𝑖 (𝑡) + 𝛼 [𝑥𝑑𝑏ℎ − 𝑥𝑑𝑖 (𝑡)] , ∀𝑖 ∈ {1, . . . , 𝑛} (5)

where 𝑥𝑑𝑖 (𝑡) corresponds to the 𝑑th component of the 𝑖th
star in the iteration 𝑡, 𝑥𝑑𝑏ℎ is the 𝑑th component of the
black hole in the search space, 𝑛 represents the number of
solutions (number of stars), and 𝛼 is a random uniform
number of distribution between zero and one. Finally, 𝑥𝑑𝑖 (𝑡 +1) corresponds to the 𝑑th component of the location of the
𝑖th star in the next iteration.

The event horizon is a radius originated by the black
hole. In case a star crosses the horizon, it will be absorbed
and destroyed by the black hole and a new star (solution) is
created randomly.This is known as the probability of crossing
the event horizon and is calculated as follows:

𝑅 = 𝑓𝑏ℎ
∑𝑛𝑖=1 𝑓𝑖 (6)

where 𝑓𝑏ℎ is the performance value that has the best solution,
𝑓𝑖 is the value associated with the quality of the 𝑖th star, and 𝑛
is the number of stars (solutions).When the distance between
the black hole and the star is less than the radius then the star
crosses the event horizon. This star is absorbed and a new is
randomly generated. We highlight the variability offered by
event horizon that allows resolving the common and complex
problem of stagnation in local optimum.

One of the most interesting characteristics of incomplete
data processing algorithms is the approximation to good
solutions.This conceptmay be used as stop criteria. However,
in situations where the optimal solutions are not known a
priori, it is not possible to measure the quality of found
solutions. In these cases, possible stop criteria are the number
of executed iterations, for the sake of clarity of the proposed

algorithm. In our proposal, the stop criteria are initially set as
100 off-line iterations.

Algorithm 1 displays the optimization procedure. At
the beginning, the initial 𝑛-star population is randomly
generated for each of the intrinsic signals and loop statement
begins working.

Randomness allows a degree of variability in the algo-
rithm.Then, in the loop statement, the process of absorption
of the algorithm is carried out. The quality of each solution
is calculated, determined by the performance exhibited by
the classifier. If the rating value is close to 1, the solution
is considered to have a high quality (see Line (11) of
Algorithm 1). Conversely, if the rating value is close to 0,
the solution is considered to exhibit low quality due to the
probability of crossing the event horizon is highest. The
solutions are generated by the absorption of stars by the
black hole that is presented in (5). Performing this process
generates a real number of predictability for each intrinsic
signal. If a star or solution reaches a value better than the
black hole, its locations are swapped. If a star crosses the event
horizon of the black hole, calculated by (6), it is absorbed and
generates a new one randomly.This comparison is performed
according to a random variable with uniform distribution
𝑟 ∼ [0, 1]. This whole procedure is done iteratively.

To measure the performance (quality) of the solutions, a
proportion given by (6) is used between the fitness of the star
and the combined value of all fitness (excluding that star).
This value is known as an event horizon. If this percentage
value is less than 𝑟, randomly generated, the star will be
absorbed. This nondeterministic process provides variability
to the solutions.

Finally, the loop statement ends when an adequate
enough solution is reached for our approach; this condition
is determined by updating the solution in a certain amount of
iterations. At the end, the best solutions are memorized and
visualized.
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Figure 5: Proposed method using black hole algorithm.

Figure 5 illustrates the integration of the black hole
algorithm into the process of creation of the classifier and
its subsequent evaluation. The process is described in a loop
way between the calculation of the predictability value and
the performance evaluation of the created classifier. This
approach allows improving the quality of the classifier, since
it is used during the run of the algorithm itself.

4. Computational Experiments

After applying the approximation approach,we have analyzed
the time complexity of the black hole algorithm into the
process of creating the classifier and we illustrate that our
proposal does not affect its performance. It can be determined
that time complexity of the SampEn is given by𝑂((𝑁2/2)(1−
(1 − 𝑟)𝑚)), where 𝑁 represents the size of the array data and
𝑚 is the number of matches and is much smaller than N.
Finally, 𝑟 represents the probability of two samples, 𝑦(𝑖) and
𝑦(𝑗) [69]. Now, by analyzing the approximate algorithm, it
can be observed that the time complexity is given by 𝑂(𝑇𝑁),
where𝑇 is a constant and represents themaximumnumber of
iterations, while𝑁 is the size of population (stars). Although
the incorporation of an optimization algorithm based on
swarm intelligence can cause an increase in cyclomatic
complexity (19 to 39) [70], this only affects the training phase.
The classification phase, being subsequent to the search
process of the best configuration of the SVM (gamma and C
parameters), is not affected.

The performance of the black hole algorithm was exper-
imentally evaluated by using a set of well-known validated
signals using MAHNOB HCI Tagging Database [48].

The approximate approach has been implemented on the
programming language C# and the experiments [71–73] have
been executed on a 2.6 GHz Intel Core i7 with 16 GB RAM
machine running Windows 7. The initial parameter setting
used is detailed in Table 1.

Firstly, these parameter settings are adopted after a hard
initial training phase, being the one that obtained the best
results. Then, we considered previous works to compare the
choice of parameter values as reported in [24].

A common method to recognize the emotion based on
EEG signals uses the entropy factor to build the classifier. We
have implemented this technique and the accuracy obtained
was close to 84.77% producing an error of classification
outperform to 15%. That can be attributed to the sample
entropy that builds the classifier without iterating in order to
find the best solution.

Towards the end of iterations, the approximate optimiza-
tion method reaches an accuracy above to 93% illustrating
again that its performance is better than sample entropy
approach. All results are available in Appendix B.

Figure 6 illustrates clearly the robustness of our proposed
approach. Lower bound is given by the minimum accuracy
found. If we only analyze this point only, we can see that
immediately after the first iteration, the black hole algorithm
always reaches a better value than found by the sample
entropy method [42].
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Table 1: Parameter setting to the entropy and the black hole algorithm.

Section Component Description Value

Data selection
Number of sessions Emotion elicitation trials 563

Frequency Each second has 128 samples or values 128 Hz

Frame To classify each frame it lasts 9 seconds, without overlapping 9 sec.

Sample entropy
𝑁 Number of samples 128 samples

𝑚 Embedded dimension 2

𝑟 Probability of similarity on two simultaneous datasets 0.15
Empirical Mode
Decomposition Order Number of IMFs 4

Black Hole Algorithm 𝑛 Number of stars (solutions) 30

𝑇 Maximum iterations 100

Miscellaneous – Runs of the approximate approach 30

– Number of used cores (processors) 8

Robustness of the approximate approach

Minimum Accuracy
Average Accuracy
Maximum Accuracy
Sample Entropy

20 40 60 80 1000
Iterations

84

86

88

90

92

Be
st 

va
lu
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Figure 6: Convergence chart of the proposed method.

It is possible to conclude that the results are promising
compared to those obtained with other SVM classifiers built
by using the entropy factor. The proposed method used the
MAHNOB HCI Tagging Database and reached a maximum
accuracy level of 93.03%, with an average of 92.57%. Using
the same dataset, a standard approach using the entropy
factor to build a SVM classifier presents an average accuracy
of 84.77%. More details can be seen in Appendix A and
Appendix B.

This approach could be useful in emotion classification if
the research goal would be to obtain relevant information in
real time, for instance, incorporating anEEG in the classroom
[74, 75]. This process would involve building a classifier for
signal manipulation. The signal could be obtained online.

Also, preprocessing techniques that have a high computa-
tional cost were not used, such as signal normalization or eye
movement artifact cleaning using blind source separation.
Apart from the computational cost, these techniques require
a baseline signal previously recorded.

5. Conclusions and Future Works

Emotions have been subject to scientific research for more
than a century, as they play many essential roles in people’s
lives [76]. In this paper, we have presented a new method
based on an optimization approach for the building of
an SVM classifier for EEG-emotion signals. This approach
consists in applying the EMD method to decompose the
signal. Then, sampled entropy is applied on the first 4
components. Next, with these initial characteristics, the black
hole algorithm was used to optimize them and thus obtain
the best combination of the SVM feature vectors to generate
a higher accuracy.

EEG-emotion signals allow for the prediction and classi-
fication of data with automated noise reduction.The emotion
research is especially complex due to the ecological paradigm
requirement, specifically the trigger stimuli, and emotional
response generates high rate of noise. A common method
is detailed in the background section, using entropy as a
more relevant element. Nevertheless, results are not what was
expected, reaching 85% in accuracy only.

In order to improve these computational results, we
conducted an approximate method inspired on the black
hole phenomenon.This algorithm is proposed to analyze the
performance of an SVM classifier, allowing the extension of
emotion ecological paradigms with EEG data.

We have tested our technique using a validated emotion
signal, named MAHNOB HCI Tagging Database. Results
show that the optimization algorithm allows the SMV clas-
sifier to surpass 90% in accuracy in its first iterations, even
reaching 93%; furthermore, it is highly competitivewith those
presented in the related works section.
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Table 2: Computational results of the approximate approach.

It. Accuracy
Minimum Average Standard Deviation Maximum

1 85.34 87.45 1.18E+04 89.33
2 86.20 88.05 8.89E+03 89.61
3 87.43 88.84 6.67E+03 90.28
4 87.95 89.14 7.32E+03 91.18
5 87.95 89.61 1.10E+04 92.13
6 88.19 89.95 1.15E+04 92.13
7 88.47 90.26 1.13E+04 92.27
8 88.66 90.53 1.15E+04 92.46
9 89.09 90.81 1.05E+04 92.46
10 89.23 91.08 9.90E+03 92.50
11 89.52 91.23 9.35E+03 92.50
12 89.52 91.45 7.81E+03 92.55
13 89.56 91.53 7.74E+03 92.55
14 90.09 91.65 6.72E+03 92.55
15 90.09 91.70 6.37E+03 92.55
16 90.32 91.75 5.98E+03 92.60
17 90.42 91.80 5.61E+03 92.60
18 90.42 91.83 5.58E+03 92.60
19 90.65 91.87 5.43E+03 92.60
20 90.80 91.89 5.28E+03 92.60

Particularly, these results are compatible with those
obtained with the EEG-emotion signal with wavelet
entropy and Support Vector Machine classifier proposed by
Çelikkanat, but with higher accuracy [6].

As future works, we believe that using new approximate
optimization algorithms will allow us to find better results
to compare the SVM classifier performance. Moreover, we
intend to incorporate an autonomous version of these algo-
rithms so that the self-adaptive of its parameters is not
complex and suited to the instance of the problem, as
described in [9, 11].

On the other hand, we propose an integration of
autonomous search in the parameter settings process, in
order to find the best values during the run.This research can
lead towards new study lines.

Appendix

A. Summary of the Experimental Results

In Tables 2, 3, 4, 5, and 6, we show a summary of the compu-
tational results generated by using the approximate approach.
All computational results can be seen in Appendix B. Exe-
cuting the experiments, we can observe that the performance
of the optimization algorithm to find the best values for
building the SVM classifier was outperforming to entropy
approach. If we analyze the resolution process, we can see
that in the first ten iterations the black hole algorithm reaches
a minimum and average accuracy close to 90%. Finally, the

best value achieved is higher than 92%. In next iterations,
the robustness of algorithm is demonstrated, according to the
standard deviation values decrease as iterations occur.

B. Details of the Experimental Results

In Tables 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, and 18 we illustrate
all computational results that we allow analyzing the perfor-
mance of the proposed mixed approach. These tables have
the same headers, which are described below: column 1
(Iterations) corresponds to the identifier assigned to each
iteration. Columns 2-11 (Runs) describe runs each iteration;
i.e., for instance, in row 10 (iteration 10) and column six
(run #5), of Table 7, we can see that our approach reaches an
accuracy of 90.56%.The same description can be used for the
other tables.

Data Availability

The software developed and the data generated to sup-
port the findings of this study have been deposited in the
Figshare repository (10.6084/m9.figshare.5588896, 10.6084/
m9.figshare.5588911, and 10.6084/m9.figshare.5590000.v2).
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Table 3: Computational results of the approximate approach (continuation).

It. Accuracy
Minimum Average Standard Deviation Maximum

21 90.99 91.95 4.94E+03 92.60
22 91.03 91.98 4.64E+03 92.60
23 91.13 92.01 4.48E+03 92.60
24 91.13 92.04 4.37E+03 92.79
25 91.13 92.05 4.41E+03 92.79
26 91.13 92.08 4.35E+03 92.79
27 91.13 92.09 4.33E+03 92.79
28 91.13 92.10 4.27E+03 92.79
29 91.13 92.12 4.27E+03 92.84
30 91.13 92.14 4.17E+03 92.84
31 91.13 92.16 4.15E+03 92.93
32 91.18 92.17 4.13E+03 92.93
33 91.22 92.18 4.08E+03 92.93
34 91.27 92.19 4.12E+03 92.93
35 91.32 92.21 3.99E+03 92.93
36 91.32 92.23 3.91E+03 92.93
37 91.56 92.25 3.67E+03 92.93
38 91.56 92.26 3.53E+03 92.93
39 91.56 92.28 3.53E+03 92.98
40 91.56 92.29 3.52E+03 92.98

Table 4: Computational results of the approximate approach (continuation).

It. Accuracy
Minimum Average Standard Deviation Maximum

41 91.56 92.31 3.40E+03 92.98
42 91.56 92.32 3.29E+03 92.98
43 91.56 92.34 3.29E+03 92.98
44 91.56 92.34 3.27E+03 92.98
45 91.65 92.36 3.11E+03 92.98
46 91.84 92.39 2.78E+03 92.98
47 91.84 92.40 2.82E+03 92.98
48 91.84 92.40 2.81E+03 92.98
49 91.84 92.41 2.82E+03 92.98
50 91.84 92.42 2.84E+03 92.98
51 91.84 92.42 2.88E+03 93.03
52 91.94 92.44 2.72E+03 93.03
53 91.94 92.44 2.75E+03 93.03
54 91.94 92.44 2.73E+03 93.03
55 91.94 92.45 2.76E+03 93.03
56 91.94 92.46 2.84E+03 93.03
57 91.94 92.47 2.84E+03 93.03
58 91.94 92.47 2.79E+03 93.03
59 91.94 92.48 2.80E+03 93.03
60 91.94 92.49 2.74E+03 93.03
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Table 5: Computational results of the approximate approach (continuation).

It. Accuracy
Minimum Average Standard Deviation Maximum

61 91.94 92.49 2.74E+03 93.03
62 91.94 92.49 2.70E+03 93.03
63 91.94 92.50 2.68E+03 93.03
64 91.94 92.50 2.70E+03 93.03
65 91.94 92.50 2.70E+03 93.03
66 91.94 92.51 2.65E+03 93.03
67 91.94 92.51 2.60E+03 93.03
68 91.94 92.51 2.61E+03 93.03
69 91.94 92.52 2.60E+03 93.03
70 91.94 92.52 2.59E+03 93.03
71 91.94 92.52 2.59E+03 93.03
72 91.94 92.53 2.59E+03 93.03
73 91.94 92.53 2.59E+03 93.03
74 91.94 92.53 2.61E+03 93.03
75 91.94 92.53 2.62E+03 93.03
76 91.94 92.53 2.62E+03 93.03
77 91.98 92.53 2.59E+03 93.03
78 91.98 92.53 2.61E+03 93.03
79 91.98 92.54 2.58E+03 93.03
80 91.98 92.54 2.58E+03 93.03

Table 6: Computational results of the approximate approach (final).

It. Accuracy
Minimum Average Standard Deviation Maximum

81 91.98 92.54 2.59E+03 93.03
82 91.98 92.54 2.59E+03 93.03
83 91.98 92.54 2.59E+03 93.03
84 91.98 92.54 2.58E+03 93.03
85 91.98 92.54 2.55E+03 93.03
86 91.98 92.55 2.57E+03 93.03
87 91.98 92.55 2.55E+03 93.03
88 91.98 92.55 2.55E+03 93.03
89 91.98 92.55 2.55E+03 93.03
90 92.03 92.55 2.51E+03 93.03
91 92.08 92.55 2.48E+03 93.03
92 92.08 92.56 2.49E+03 93.03
93 92.08 92.56 2.49E+03 93.03
94 92.08 92.56 2.49E+03 93.03
95 92.08 92.56 2.49E+03 93.03
96 92.13 92.56 2.43E+03 93.03
97 92.13 92.56 2.43E+03 93.03
98 92.13 92.56 2.41E+03 93.03
99 92.13 92.57 2.41E+03 93.03
100 92.13 92.57 2.41E+03 93.03
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Table 7: Dataset of experimental results. Twenty-five first iterations of the ten first runs.

Iterations Runs
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10

1 88.24 88.57 87.95 89.04 86.48 88.05 86.15 87.33 88.85 86.95
2 88.76 88.57 88.14 89.04 86.48 88.05 87.43 87.33 89.61 88.24
3 89.28 89.52 88.76 89.04 87.43 88.43 89.18 88.66 90.28 88.47
4 91.18 89.52 89.23 89.04 88.43 88.61 89.47 88.9 90.28 89.23
5 91.18 91.08 90.42 89.47 88.61 89.33 90.04 88.9 92.13 89.8
6 91.46 91.08 91.41 90.32 88.61 89.37 91.32 89.14 92.13 90.23
7 91.46 91.37 91.46 90.32 89.04 89.37 91.46 89.47 92.27 90.37
8 91.75 91.46 92.46 90.61 89.47 89.37 91.98 89.47 92.27 90.56
9 91.84 91.46 92.46 90.94 90.09 89.61 91.98 90.32 92.31 91.51
10 91.89 91.94 92.5 90.94 90.56 90.42 92.13 90.7 92.31 91.51
11 91.94 91.94 92.5 90.94 91.03 90.42 92.13 90.75 92.31 91.51
12 91.98 91.98 92.5 90.94 91.46 90.75 92.22 91.37 92.31 91.51
13 91.98 92.13 92.55 90.94 91.46 90.8 92.22 91.6 92.31 91.6
14 91.98 92.31 92.55 90.94 91.65 91.13 92.22 91.6 92.31 91.6
15 91.98 92.31 92.55 90.99 91.7 91.13 92.22 91.75 92.31 91.6
16 92.03 92.36 92.6 91.03 91.75 91.13 92.22 91.75 92.36 91.6
17 92.03 92.46 92.6 91.08 91.98 91.13 92.22 91.75 92.36 91.6
18 92.13 92.46 92.6 91.08 91.98 91.13 92.22 91.75 92.41 91.7
19 92.13 92.46 92.6 91.08 91.98 91.13 92.22 91.75 92.5 91.7
20 92.17 92.46 92.6 91.22 91.98 91.13 92.22 91.79 92.5 91.89
21 92.17 92.46 92.6 91.37 92.03 91.13 92.22 91.98 92.5 91.89
22 92.17 92.46 92.6 91.37 92.03 91.13 92.22 91.98 92.5 91.89
23 92.17 92.46 92.6 91.37 92.13 91.13 92.31 92.13 92.5 91.89
24 92.17 92.5 92.6 91.51 92.13 91.13 92.31 92.13 92.5 91.89
25 92.27 92.5 92.6 91.51 92.13 91.13 92.36 92.13 92.5 91.89

Table 8: Dataset of experimental results. Twenty-five second iterations of the ten first runs.

Iterations Runs
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10

26 92.27 92.5 92.6 91.51 92.31 91.13 92.41 92.13 92.5 91.89
27 92.27 92.5 92.6 91.51 92.31 91.13 92.46 92.13 92.5 91.89
28 92.27 92.5 92.6 91.51 92.31 91.18 92.55 92.13 92.5 91.89
29 92.27 92.5 92.6 91.56 92.46 91.18 92.55 92.13 92.5 91.89
30 92.27 92.5 92.6 91.56 92.46 91.18 92.65 92.13 92.5 91.94
31 92.27 92.5 92.6 91.56 92.46 91.27 92.65 92.17 92.5 91.94
32 92.27 92.5 92.6 91.56 92.5 91.27 92.65 92.22 92.5 91.98
33 92.27 92.5 92.6 91.56 92.5 91.27 92.65 92.27 92.5 91.98
34 92.27 92.5 92.6 91.56 92.65 91.27 92.69 92.41 92.5 92.03
35 92.27 92.5 92.6 91.56 92.79 91.32 92.69 92.41 92.5 92.13
36 92.27 92.5 92.6 91.56 92.88 91.32 92.69 92.41 92.5 92.17
37 92.27 92.5 92.6 91.56 92.88 91.6 92.69 92.41 92.5 92.17
38 92.27 92.5 92.6 91.56 92.88 91.6 92.69 92.41 92.5 92.17
39 92.27 92.5 92.6 91.56 92.98 91.6 92.69 92.41 92.5 92.17
40 92.27 92.5 92.6 91.56 92.98 91.6 92.69 92.41 92.5 92.27
41 92.27 92.5 92.6 91.56 92.98 91.6 92.69 92.41 92.5 92.36
42 92.27 92.5 92.6 91.56 92.98 91.65 92.69 92.41 92.5 92.5
43 92.27 92.5 92.6 91.56 92.98 91.65 92.69 92.41 92.5 92.5
44 92.27 92.5 92.6 91.56 92.98 91.65 92.69 92.41 92.5 92.5
45 92.27 92.5 92.6 91.7 92.98 91.65 92.69 92.41 92.5 92.5
46 92.27 92.5 92.6 91.89 92.98 91.84 92.69 92.41 92.5 92.5
47 92.27 92.5 92.6 91.89 92.98 91.84 92.69 92.41 92.5 92.5
48 92.27 92.5 92.6 91.89 92.98 91.84 92.69 92.41 92.5 92.5
49 92.27 92.5 92.6 91.89 92.98 91.84 92.69 92.41 92.5 92.5
50 92.31 92.5 92.6 91.94 92.98 91.84 92.69 92.41 92.5 92.55
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Table 9: Dataset of experimental results. Twenty-five third iterations of the ten first runs.

Iterations Runs
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10

51 92.31 92.5 92.6 91.94 93.03 91.84 92.69 92.41 92.5 92.6
52 92.31 92.5 92.6 91.94 93.03 92.17 92.69 92.41 92.5 92.65
53 92.31 92.5 92.6 91.94 93.03 92.17 92.69 92.41 92.5 92.65
54 92.31 92.5 92.6 91.94 93.03 92.17 92.69 92.41 92.5 92.65
55 92.31 92.5 92.6 91.94 93.03 92.17 92.69 92.41 92.5 92.65
56 92.31 92.5 92.6 91.94 93.03 92.22 92.69 92.41 92.5 92.65
57 92.31 92.5 92.6 91.94 93.03 92.22 92.69 92.41 92.5 92.65
58 92.31 92.5 92.6 91.94 93.03 92.22 92.69 92.41 92.5 92.69
59 92.31 92.5 92.6 91.94 93.03 92.22 92.69 92.41 92.5 92.69
60 92.31 92.5 92.6 91.94 93.03 92.27 92.69 92.41 92.55 92.69
61 92.31 92.5 92.6 91.94 93.03 92.27 92.69 92.41 92.55 92.69
62 92.31 92.5 92.6 92.03 93.03 92.27 92.69 92.41 92.55 92.69
63 92.31 92.5 92.6 92.03 93.03 92.31 92.69 92.41 92.55 92.69
64 92.31 92.5 92.6 92.03 93.03 92.31 92.69 92.41 92.55 92.69
65 92.31 92.5 92.6 92.03 93.03 92.31 92.69 92.41 92.55 92.69
66 92.31 92.5 92.6 92.08 93.03 92.31 92.69 92.41 92.55 92.69
67 92.31 92.5 92.6 92.13 93.03 92.31 92.69 92.41 92.55 92.69
68 92.31 92.5 92.6 92.13 93.03 92.31 92.69 92.41 92.55 92.69
69 92.31 92.5 92.6 92.13 93.03 92.31 92.69 92.41 92.55 92.69
70 92.31 92.5 92.6 92.13 93.03 92.36 92.69 92.41 92.55 92.69
71 92.31 92.5 92.6 92.13 93.03 92.36 92.69 92.41 92.55 92.69
72 92.31 92.5 92.6 92.13 93.03 92.36 92.69 92.41 92.55 92.69
73 92.31 92.5 92.6 92.13 93.03 92.36 92.69 92.41 92.55 92.69
74 92.31 92.5 92.6 92.13 93.03 92.36 92.69 92.41 92.55 92.69
75 92.31 92.5 92.6 92.13 93.03 92.36 92.69 92.41 92.55 92.69

Table 10: Dataset of experimental results. Twenty-five fourth iterations of the ten first runs.

Iterations Runs
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10

76 92.31 92.5 92.6 92.13 93.03 92.36 92.69 92.41 92.55 92.69
77 92.31 92.5 92.6 92.13 93.03 92.36 92.69 92.41 92.55 92.69
78 92.31 92.5 92.6 92.13 93.03 92.36 92.69 92.41 92.55 92.69
79 92.31 92.5 92.6 92.13 93.03 92.41 92.69 92.41 92.55 92.69
80 92.31 92.5 92.6 92.13 93.03 92.41 92.69 92.41 92.55 92.69
81 92.31 92.5 92.6 92.13 93.03 92.41 92.69 92.41 92.55 92.69
82 92.31 92.5 92.6 92.13 93.03 92.46 92.69 92.41 92.55 92.69
83 92.31 92.5 92.6 92.13 93.03 92.46 92.69 92.41 92.55 92.69
84 92.31 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
85 92.31 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
86 92.31 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
87 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
88 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
89 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
90 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
91 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
92 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
93 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
94 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
95 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
96 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
97 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
98 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
99 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55 92.69
100 92.41 92.5 92.6 92.13 93.03 92.46 92.69 92.46 92.55
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Table 11: Dataset of experimental results. Twenty-five first iterations of the ten second runs.

Iterations Runs
#11 #12 #13 #14 #15 #16 #17 #18 #19 #20

1 86.86 87 85.91 87.86 88.52 88.28 88.43 85.39 86.39 86.2
2 87.57 88.28 88.24 87.86 88.52 88.28 88.52 86.48 87.9 86.2
3 88.57 88.95 88.43 89.71 88.52 89.14 88.71 88.9 88.09 87.95
4 88.85 88.95 88.8 89.75 88.66 89.14 88.8 88.9 88.57 87.95
5 89.14 89.71 88.8 90.09 89.28 89.14 88.8 88.9 89.42 87.95
6 89.28 90.51 88.8 90.09 90.51 89.94 88.8 89.33 90.37 88.19
7 89.52 90.51 89.42 91.94 91.37 90.04 89.28 89.33 90.51 88.47
8 89.71 90.8 89.42 91.94 91.37 90.18 89.37 89.33 91.27 90.04
9 89.94 90.84 89.42 92.13 91.37 90.94 89.9 89.33 91.27 90.56
10 90.37 91.08 89.52 92.46 91.79 91.84 89.9 89.42 91.27 90.89
11 90.56 91.18 89.52 92.46 91.79 91.84 90.04 89.52 91.75 90.89
12 91.27 91.51 89.56 92.55 91.79 91.84 91.22 89.52 91.84 90.89
13 91.27 91.56 89.56 92.55 91.79 91.89 91.22 89.66 91.94 90.89
14 91.27 91.7 90.56 92.55 91.84 91.89 91.7 90.09 92.13 90.89
15 91.37 91.75 91.13 92.55 91.84 91.89 91.7 90.09 92.13 90.99
16 91.51 91.75 91.13 92.55 91.84 91.89 91.7 90.42 92.13 90.99
17 91.6 91.79 91.18 92.55 91.84 91.89 91.79 90.42 92.13 90.99
18 91.6 91.79 91.18 92.55 91.89 91.89 91.79 90.42 92.13 90.99
19 91.7 91.79 91.37 92.55 92.08 91.94 91.79 90.65 92.13 90.99
20 91.7 91.79 91.37 92.6 92.08 91.94 91.79 90.8 92.17 90.99
21 91.75 91.79 91.6 92.6 92.08 91.94 91.89 91.03 92.17 90.99
22 91.79 91.84 91.6 92.6 92.08 91.94 91.94 91.56 92.17 91.03
23 91.79 91.84 91.65 92.6 92.22 91.94 91.94 91.56 92.17 91.27
24 91.79 91.94 91.65 92.6 92.22 91.94 91.94 91.6 92.17 91.41
25 91.79 91.94 91.65 92.6 92.22 91.94 91.94 91.6 92.17 91.41

Table 12: Dataset of experimental results. Twenty-five second iterations of the ten second runs.

Iterations Runs
#11 #12 #13 #14 #15 #16 #17 #18 #19 #20

26 91.79 91.94 91.65 92.6 92.22 91.94 91.94 91.98 92.17 91.41
27 91.79 91.94 91.65 92.6 92.22 91.94 91.94 91.98 92.17 91.41
28 91.79 91.94 91.75 92.6 92.22 91.98 91.94 92.03 92.17 91.41
29 91.84 91.94 91.79 92.6 92.22 91.98 91.94 92.03 92.17 91.41
30 91.84 91.94 91.89 92.6 92.22 92.03 91.94 92.08 92.17 91.65
31 91.84 91.94 91.89 92.6 92.22 92.03 91.94 92.17 92.17 91.65
32 91.84 91.94 91.89 92.6 92.22 92.03 91.94 92.27 92.17 91.65
33 91.84 91.94 91.94 92.6 92.22 92.03 91.94 92.27 92.17 91.65
34 91.84 91.94 91.94 92.6 92.22 92.08 91.94 92.27 92.17 91.65
35 91.84 91.94 91.94 92.6 92.22 92.08 91.94 92.27 92.17 91.7
36 91.89 91.94 91.94 92.6 92.22 92.13 91.94 92.27 92.17 91.7
37 91.89 91.94 91.94 92.6 92.27 92.17 91.98 92.31 92.17 91.75
38 91.89 91.94 91.94 92.6 92.27 92.22 92.08 92.36 92.17 91.75
39 91.89 91.94 91.94 92.69 92.27 92.22 92.17 92.36 92.17 91.94
40 91.89 91.94 91.94 92.69 92.27 92.27 92.17 92.36 92.17 91.94
41 91.89 91.94 91.94 92.74 92.27 92.36 92.17 92.36 92.17 92.13
42 92.03 91.94 91.98 92.74 92.27 92.36 92.31 92.36 92.17 92.13
43 92.03 91.94 91.98 92.74 92.27 92.36 92.41 92.36 92.17 92.17
44 92.08 91.94 91.98 92.74 92.27 92.36 92.5 92.36 92.17 92.17
45 92.08 91.94 92.03 92.74 92.27 92.36 92.5 92.36 92.17 92.27
46 92.27 91.94 92.03 92.74 92.27 92.36 92.5 92.36 92.22 92.46
47 92.27 91.94 92.03 92.84 92.27 92.36 92.5 92.36 92.22 92.55
48 92.27 91.94 92.03 92.84 92.27 92.41 92.5 92.36 92.31 92.55
49 92.27 91.94 92.03 92.84 92.27 92.41 92.5 92.36 92.31 92.6
50 92.27 91.94 92.03 92.84 92.27 92.46 92.5 92.36 92.36 92.79
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Table 13: Dataset of experimental results. Twenty-five third iterations of the ten second runs.

Iterations Runs
#11 #12 #13 #14 #15 #16 #17 #18 #19 #20

51 92.27 91.94 92.03 92.84 92.27 92.46 92.5 92.36 92.36 92.79
52 92.27 91.94 92.03 92.84 92.27 92.5 92.5 92.36 92.36 92.79
53 92.27 91.94 92.03 92.84 92.27 92.5 92.5 92.36 92.46 92.84
54 92.27 91.94 92.08 92.84 92.27 92.5 92.5 92.36 92.5 92.84
55 92.31 91.94 92.08 92.84 92.27 92.55 92.5 92.36 92.69 92.84
56 92.31 91.94 92.08 92.88 92.27 92.55 92.5 92.36 92.74 92.93
57 92.31 91.94 92.13 92.93 92.27 92.55 92.5 92.41 92.74 92.93
58 92.36 91.94 92.13 92.93 92.27 92.55 92.5 92.41 92.74 92.93
59 92.36 91.94 92.13 92.93 92.27 92.55 92.5 92.41 92.79 92.93
60 92.36 91.94 92.13 92.93 92.27 92.55 92.5 92.41 92.79 92.93
61 92.36 91.94 92.13 92.93 92.27 92.55 92.5 92.41 92.79 92.93
62 92.36 91.94 92.13 92.93 92.27 92.55 92.5 92.41 92.84 92.93
63 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.41 92.84 92.93
64 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.41 92.88 92.93
65 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.41 92.88 92.93
66 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.46 92.88 92.93
67 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.46 92.88 92.93
68 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.46 92.88 92.93
69 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.5 92.88 92.93
70 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.5 92.88 92.93
71 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
72 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
73 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
74 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
75 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93

Table 14: Dataset of experimental results. Twenty-five fourth iterations of the ten second runs.

Iterations Runs
#11 #12 #13 #14 #15 #16 #17 #18 #19 #20

76 92.41 91.94 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
77 92.41 91.98 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
78 92.41 91.98 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
79 92.41 91.98 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
80 92.41 91.98 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
81 92.41 91.98 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
82 92.41 91.98 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
83 92.41 91.98 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
84 92.41 91.98 92.13 92.93 92.27 92.55 92.5 92.55 92.88 92.93
85 92.41 91.98 92.17 92.93 92.27 92.55 92.5 92.55 92.88 92.93
86 92.46 91.98 92.17 92.93 92.27 92.55 92.5 92.55 92.93 92.93
87 92.46 91.98 92.17 92.93 92.27 92.55 92.5 92.55 92.93 92.93
88 92.46 91.98 92.17 92.93 92.27 92.55 92.5 92.55 92.93 92.93
89 92.46 91.98 92.17 92.93 92.27 92.55 92.5 92.55 92.93 92.93
90 92.46 92.03 92.17 92.93 92.27 92.55 92.5 92.55 92.93 92.93
91 92.46 92.08 92.17 92.93 92.27 92.55 92.5 92.55 92.93 92.93
92 92.46 92.08 92.17 92.93 92.27 92.55 92.5 92.65 92.93 92.93
93 92.46 92.08 92.17 92.93 92.27 92.55 92.5 92.65 92.93 92.93
94 92.46 92.08 92.17 92.93 92.27 92.55 92.5 92.65 92.93 92.93
95 92.46 92.08 92.17 92.93 92.27 92.55 92.5 92.65 92.93 92.93
96 92.46 92.17 92.17 92.93 92.31 92.55 92.5 92.65 92.93 92.93
97 92.46 92.17 92.17 92.93 92.31 92.55 92.5 92.65 92.93 92.93
98 92.46 92.17 92.17 92.93 92.36 92.55 92.5 92.65 92.93 92.93
99 92.46 92.17 92.17 92.93 92.41 92.55 92.5 92.65 92.93 92.93
100 92.46 92.17 92.17 92.93 92.41 92.55 92.5 92.65 92.93 92.93
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Table 15: Dataset of experimental results. Twenty-five first iterations of the ten third runs.

Iterations Runs
#21 #22 #23 #24 #25 #26 #27 #28 #29 #30

1 85.34 87.81 89.33 88.14 87.95 87.76 88.85 88.66 86.2 86.39
2 86.67 88.95 89.33 88.14 87.95 87.76 89.61 88.66 87.81 88.33
3 88.14 88.95 89.71 88.61 87.95 89.66 90.28 88.66 88.8 88.61
4 88.47 88.95 90.51 90.04 88.33 89.66 90.28 88.8 88.85 88.66
5 88.61 88.95 91.94 90.04 88.52 89.66 92.13 88.85 89.28 88.8
6 88.66 88.95 91.98 90.04 88.61 90.32 92.13 88.9 89.37 88.99
7 88.66 89.04 92.03 90.56 89.47 90.32 92.27 89.47 90.23 88.99
8 88.66 89.33 92.17 91.18 89.75 90.56 92.27 89.47 90.84 88.99
9 89.47 89.66 92.17 91.89 90.04 91.46 92.31 89.75 91.13 89.09
10 89.47 90.04 92.17 91.89 91.03 91.46 92.31 90.32 91.13 89.23
11 89.61 91.6 92.17 92.13 91.08 91.46 92.31 90.42 91.7 89.56
12 90.89 91.6 92.17 92.17 91.13 91.46 92.31 90.89 91.84 90.09
13 90.89 91.84 92.17 92.31 91.32 91.6 92.31 91.79 91.84 90.09
14 90.89 92.08 92.22 92.31 91.32 91.6 92.31 91.98 91.84 90.09
15 90.99 92.08 92.22 92.36 91.37 91.79 92.31 91.98 91.89 90.09
16 90.99 92.08 92.22 92.36 91.46 91.98 92.36 92.17 91.94 90.32
17 91.13 92.27 92.22 92.36 91.46 91.98 92.36 92.17 91.94 90.8
18 91.13 92.27 92.22 92.36 91.46 92.27 92.41 92.17 91.94 91.03
19 91.13 92.46 92.22 92.36 91.46 92.27 92.5 92.22 91.94 91.08
20 91.13 92.46 92.22 92.36 91.56 92.27 92.5 92.27 91.94 91.08
21 91.13 92.5 92.22 92.36 92.03 92.27 92.5 92.27 91.94 91.08
22 91.13 92.55 92.22 92.36 92.03 92.27 92.5 92.31 91.94 91.13
23 91.13 92.6 92.22 92.41 92.08 92.27 92.5 92.31 91.94 91.27
24 91.13 92.79 92.27 92.46 92.08 92.27 92.5 92.31 91.94 91.41
25 91.13 92.79 92.27 92.46 92.17 92.27 92.5 92.36 91.94 91.41

Table 16: Dataset of experimental results. Twenty-five second iterations of the ten third runs.

Iterations Runs
#21 #22 #23 #24 #25 #26 #27 #28 #29 #30

26 91.13 92.79 92.31 92.5 92.17 92.27 92.5 92.36 91.94 91.51
27 91.13 92.79 92.31 92.5 92.17 92.27 92.5 92.46 91.94 91.65
28 91.13 92.79 92.31 92.5 92.17 92.27 92.5 92.46 91.94 91.7
29 91.13 92.84 92.31 92.5 92.17 92.27 92.5 92.5 91.94 91.79
30 91.13 92.84 92.31 92.5 92.31 92.31 92.5 92.5 91.98 91.79
31 91.13 92.93 92.36 92.5 92.36 92.36 92.5 92.5 91.98 91.84
32 91.18 92.93 92.36 92.5 92.36 92.36 92.5 92.5 91.98 91.84
33 91.22 92.93 92.36 92.5 92.41 92.36 92.5 92.5 91.98 91.84
34 91.27 92.93 92.36 92.5 92.46 92.36 92.5 92.5 91.98 91.89
35 91.41 92.93 92.36 92.5 92.46 92.36 92.5 92.5 91.98 91.98
36 91.56 92.93 92.36 92.5 92.5 92.36 92.5 92.5 91.98 92.08
37 91.56 92.93 92.36 92.5 92.5 92.36 92.5 92.5 91.98 92.13
38 91.75 92.93 92.36 92.5 92.5 92.36 92.5 92.5 91.98 92.13
39 91.75 92.93 92.36 92.5 92.5 92.36 92.5 92.55 92.08 92.13
40 91.75 92.93 92.36 92.5 92.5 92.36 92.5 92.55 92.08 92.17
41 91.89 92.93 92.36 92.5 92.5 92.36 92.5 92.55 92.13 92.17
42 91.89 92.93 92.36 92.5 92.5 92.36 92.5 92.55 92.13 92.17
43 91.89 92.93 92.36 92.5 92.5 92.36 92.5 92.55 92.17 92.17
44 91.89 92.93 92.36 92.5 92.5 92.36 92.5 92.55 92.27 92.17
45 91.94 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.36 92.17
46 91.94 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.41 92.17
47 91.98 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.41 92.17
48 91.98 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.17
49 91.98 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.17
50 91.98 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.17
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Table 17: Dataset of experimental results. Twenty-five third iterations of the ten third runs.

Iterations Runs
#21 #22 #23 #24 #25 #26 #27 #28 #29 #30

51 91.98 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.17
52 91.98 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.17
53 91.98 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.17
54 91.98 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.17
55 91.98 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.17
56 91.98 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.17
57 91.98 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.17
58 92.03 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.22
59 92.03 92.93 92.36 92.5 92.5 92.41 92.5 92.55 92.5 92.27
60 92.08 92.93 92.36 92.5 92.5 92.41 92.55 92.55 92.5 92.41
61 92.08 92.93 92.36 92.5 92.5 92.41 92.55 92.55 92.5 92.41
62 92.08 92.93 92.36 92.5 92.5 92.41 92.55 92.55 92.5 92.41
63 92.08 92.93 92.36 92.5 92.5 92.41 92.55 92.55 92.5 92.41
64 92.08 92.93 92.36 92.5 92.5 92.41 92.55 92.55 92.5 92.41
65 92.08 92.93 92.36 92.5 92.5 92.41 92.55 92.55 92.5 92.41
66 92.13 92.93 92.36 92.5 92.5 92.41 92.55 92.55 92.5 92.6
67 92.17 92.93 92.36 92.5 92.55 92.41 92.55 92.55 92.5 92.6
68 92.17 92.93 92.36 92.5 92.55 92.41 92.55 92.55 92.5 92.65
69 92.22 92.93 92.36 92.5 92.6 92.41 92.55 92.55 92.5 92.69
70 92.22 92.93 92.36 92.5 92.6 92.41 92.55 92.55 92.5 92.69
71 92.22 92.93 92.36 92.5 92.6 92.41 92.55 92.55 92.5 92.69
72 92.22 92.93 92.36 92.5 92.65 92.41 92.55 92.55 92.5 92.69
73 92.22 92.93 92.36 92.5 92.65 92.41 92.55 92.55 92.5 92.69
74 92.22 92.93 92.36 92.5 92.65 92.41 92.55 92.55 92.5 92.74
75 92.22 92.93 92.36 92.5 92.65 92.41 92.55 92.55 92.5 92.79

Table 18: Dataset of experimental results. Twenty-five fourth iterations of the ten third runs.

Iterations Runs
#21 #22 #23 #24 #25 #26 #27 #28 #29 #30

76 92.22 92.93 92.36 92.5 92.65 92.41 92.55 92.55 92.5 92.79
77 92.22 92.93 92.36 92.5 92.65 92.41 92.55 92.55 92.5 92.79
78 92.22 92.93 92.36 92.5 92.74 92.41 92.55 92.55 92.5 92.79
79 92.27 92.93 92.36 92.5 92.74 92.41 92.55 92.55 92.5 92.79
80 92.27 92.93 92.36 92.5 92.74 92.41 92.55 92.55 92.5 92.79
81 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
82 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
83 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
84 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
85 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
86 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
87 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
88 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
89 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
90 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
91 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
92 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
93 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
94 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
95 92.27 92.93 92.36 92.5 92.79 92.41 92.55 92.55 92.5 92.79
96 92.27 92.93 92.36 92.5 92.84 92.41 92.55 92.55 92.5 92.79
97 92.27 92.93 92.36 92.5 92.84 92.41 92.55 92.55 92.5 92.79
98 92.27 92.93 92.36 92.5 92.84 92.41 92.55 92.55 92.5 92.79
99 92.27 92.93 92.36 92.55 92.84 92.41 92.55 92.55 92.5 92.84
100 92.27 92.93 92.36 92.55 92.84 92.41 92.55 92.55 92.5 92.84
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Feature of event-related potential (ERP) has not been completely understood and illiteracy problem remains unsolved. To this end,
P300 peak has been used as the feature of ERP in most brain–computer interface applications, but subjects who do not show such
peak are common. Recent development of convolutional neural network provides a way to analyze spatial and temporal features
of ERP. Here, we train the convolutional neural network with 2 convolutional layers whose feature maps represented spatial and
temporal features of event-related potential. We have found that nonilliterate subjects’ ERP show high correlation between occipital
lobe and parietal lobe, whereas illiterate subjects only show correlation between neural activities from frontal lobe and central lobe.
The nonilliterates showed peaks in P300, P500, and P700, whereas illiterates mostly showed peaks in around P700. P700 was strong
in both subjects. We found that P700 peak may be the key feature of ERP as it appears in both illiterate and nonilliterate subjects.

1. Introduction

A brain–computer interface (BCI) is a systemwhich provides
a communication method by utilizing biophysiological sig-
nals [1]. BCI system enables the users to communicate with
external world through measurements of biological signals
and mostly do not require voluntary muscle movement.
The system has been utilized to support severe locked-in
syndrome (LIS) patients who lack motor ability, such as
amyotrophic lateral sclerosis (ALS) and Guillain–Barre syn-
drome patients, as ameans of communication [2–7]. Ofmany
biophysiological signals, electroencephalography (EEG) has
been most widely used in BCI field for its easiness in and low
cost of measurement [8, 9].

Among different applications of BCI, event-related po-
tential (ERP) based speller system has been one of the most
widely used paradigms.The system was pioneered by Farwell
and Donchin [10] in 1988 which utilized oddball paradigm
in order to induce visual evoked potential (VEP), especially
the P300 response. However, there are still illiteracy problems
associated with ERP speller system [11, 12]. There has been
reports of ERP features other than P300 [13, 14] which may
be a key feature of distinguishing identifying illiterates.

One of the most prominent classification methods for
ERP system is support vectormachine (SVM) [15–18]. SVM is
mathematically simple and, with sufficient knowledge of fea-
turematrix, the experimenter canmodulate the kernel for the
target problem. Unfortunately, the kernel of SVM is sensitive
to overfitting [19]. As EEG are measured from multiple elec-
trodes [20–23], feature matrix can have high dimension with
possible duplicates, which increase possibility of overfitting.
As most of ERP system paradigms are dependent on P300
peak, the information (peak magnitude and latency) from
each electrode should be similar. Moreover, it is hard to
extract temporal and spatial information of EEG of a single
kernel. Although multiple kernel learning (MKL) problem
has been suggested [24], it is hard to extract intuition of the
given problem through the method.

Recent development of deep learning provides an alter-
native approach. The convolutional neural network (CNN)
can extract the feature from a given feature vector by using
convolution. When an optimal filter is applied, the convolu-
tion will magnify the feature of interest and reduce the others
[25]. CNN has been used in pattern recognition, especially
in image recognition and speech recognition, as it provides
topological information within the extracted feature [26–30].
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Therefore, data with sequence or topological information can
be recognized more efficiently as CNN enables extracting
both temporal and spatial information within the raw data.
As the ERP shows sequence of rise and fall as a response to
visual stimuli, pattern recognition technique as CNN can be
applied. Moreover, the convolution kernel of CNN can be
used as tool for interpreting the spatial correlation among
EEG electrodes.

In this paper, we explore the performance of CNNonERP
data to identify the key features that distinguish illiterates of
ERP speller system.The convolution kernels of trainedmodel
will be explored to analyze the spatial correlation between
cortices and pattern within ERP of each electrode. The
subjects were grouped as either strong (nonilliterate) or weak
(illiterate) depending on clarity of ERP signals. Results of two
groups were compared to analyze difference in features.

2. Methods

2.1. ERP Speller Design. 6 icons shown in Figure 2 were used
as visual stimuli for the speller system of this paper. Rapid
serial visual presentation (RSVP) panel design was adopted
for the speller system to avoid gaze effect. During the experi-
ment, screen size icons appeared on the center of the monitor
in a random sequence [31]. The oddball paradigm was
implemented by presenting target icon with distractors in a
random sequence [10]. Each icon appeared 20 times per trial.
The interstimulus interval (ISI) between icon appearances
was set to 300ms.

2.2. Data Acquisition. For this paper, 33 subjects (13 female,
20 male) participated in the experiment. The subjects’ age
ranged from 24 to 30 (mean = 27.25, std = ±1.92). During
the experiment, subjects were asked to sit upright on a chair
and instructed to keep still. No straps or ties were attached.
Subjects were asked to self-report any inconvenience that
might bother the concentration.

Each trial was initiated with an acoustic cue instructing
the target of the given trial in subjects’ mother tongue
(Korean). 10 seconds after the acoustic cue was given, the
icons appeared on the monitor according to RSVP design in
random sequence. The subjects were instructed to mentally
count the target occurrence during each trial (Figure 2(b)).
Each session consisted of 12 trials. Each icon was selected as
a target during the session twice in random sequence.

All subjects were naive; 10–20-minute preexperiment ses-
sion was given to get subjects used to the procedure. The
subjects were asked to self-report if they felt confident of
the procedure. After the preexperiment session ended, the
measurements of EEG were made. During the experiment,
one training session and online session were conducted as a
pair. To minimize subject’s stress level and fatigue, 10-minute
break was given in between training and online session. Each
subject conducted minimum of 2 pairs of training and online
session. No subjects had participated in more than 4 pairs of
sessions.

EEGwas collected by B-Alert X10 headset fromAdvanced
Brain Monitoring (ABM) with sampling rate of 256Hz. The
EEG electrodes recorded followed international 10/20 system
[32] as shown in Figure 2(a). All experiments were held in

accordancewith theDeclaration ofHelsinki, and the protocol
was approved by the Ethics Committee of Sangmyung Uni-
versity.

2.3. Convolutional Neural Network. The architecture of CNN
for this paper was as shown in Figure 2(c). The CNN con-
sisted of 2 convolutional layers, 2 max-pooling layers, and 2
fully connected layers. Rectified linear unit (ReLU) function
was applied as activation function for each convolutional
layer since its performance was proven by another [33]. A
softmax function was applied to output the last layer to
regularize the final output to be between 0 and 1. The output
of CNN was vector of 2 elements where each element
represented the score of target and nontarget.

The CNN was designed to perform both spatial and
temporal filtering.The featuremaps of each layerwere used to
access correlation between adjacent electrodes and temporal
feature of target ERP. In the 1st convolutional layer (L

1
), a

filter of size 6 × 20 was applied to extract correlation of
EEG recorded in adjacent electrodes. The row number of
the filter was set to 6 as 3 electrodes were placed on each
lobe (except for occipital lobe where two electrodes were
placed). The size of filter enables analyzing the correlation of
all 6 electrodes from adjacent lobes. For analysis of temporal
feature of feature map from L

1
among different lobes, a filter

with size of 1 × 12 was applied for 2nd convolutional layer (L
2
)

whose window size was approximately 100ms in time scale.
To reduce the receptive field size for ease of calculation

and prevent overfitting, max-pooling layers (M
1
and M

2
)

were inserted after each convolutional layer [27, 34]. The
max-pooling layers downsample the feature map by applying
a sliding window without overlap. As the name implies, the
maximum value within the window is extracted. As the max-
pooling introduces downsampling effect, a generalization of
feature map was achieved which prevented overfitting of the
model. Sliding window sizes of M

1
and M

2
were 2 × 2 and 1

× 10, respectively.
To further reduce the possibility of overfittingwhile train-

ing the model, drop-out technique was applied on the first
fully connected layer (F

1
). The drop-out technique padded

zeros to randomly selected rows in the given feature map. By
intentionally losing the data within the feature map, general-
ization was achieved for the feature map which prevented the
model from being overfitted by the training data [35, 36].

The size of input matrix fed into the CNN was 14 × 300
where each row corresponded to EEG collected from each
electrode in Figure 2.

The CNN architecture was implemented in Python via
TensorFlow on Python [37, 38]. The Adam optimizer was
used to train the CNNwhich controls the learning rate to use
larger step size. 10,000 iterations were conducted for training
the model for each subject’s data.

2.4. Tie Breaking. Ideally, if the model is perfect, only one
icon will be identified as the target for a given trial. However,
the system identified multiple icons as the targets in several
trials. On the other extreme, the system failed to identify any
target icon for some trials. For each case, the tie breaking rule
was applied as follows.
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(i) Multiple icons cases: When multiple icons were
thought to be the target of a given trial by the CNN,
the tie breaking rule was applied to select the target
among these candidates. Since the first element of
output vector represents the icons affiliation to target
ERP property, the icon with the greatest value of the
element was selected as the target of the trial.

(ii) No target case: When the system failed to find the
association of the ERP from any icons to property
of target ERP, that is, no icons were identified as the
target, same rules as those in multiple icons case were
applied to select the target for the given trial. In this
case, the first elemenet of output vector from all icons
was compared.The icon whose first element of output
vector was the greatest was selected as the target of the
trial.

2.5. Analysis. Both qualitative and quantitative analysis were
performed to analyze the characteristics of filters of each
convolutional layer. The subjects were divided into two
groups according to their relative strength of ERP as follows:

(i) ERP detection: if the target icon was detected as pos-
itive in a given trial, the ERP is considered detected.
The subjects were divided accordingly into either H
or L group (H and L for high and low) ERP detection
group. The threshold between H and L group was
50%.

(ii) Featuremap: featuremaps fromL
1
and L

2
were drawn

in colormap. As higher weights of featuremap denote
high discriminant power, the colormap can qualita-
tively give insight of how each electrode is correlated
and at which time the main peak is formed.

(iii) Statistical analysis: for quantitative analysis of per-
formance, accuracy, sensitivity, precision, F1 mea-
sure, and ROC were calculated for each subject and
ANOVA test was held to compare mean difference.
The accuracy is defined as the ratio of number of
correctly identified trial to total trial numbers. The
classical statistic measurements for quantitative eval-
uation are as follows:

TP ≡ true positive,

FP ≡ false positive

TP ≡ true negative,

FP ≡ false negative

Sensitivity = TP
FN + TP

Precision = TP
TP + FP

F1 measure =
2 × Sensitivity × Precision
Sensitivity + Precision

.

(1)

(iv) Receiver operating characteristic: receiver operat-
ing characteristic (ROC), which plots the sensitivity

against specificity, widely used statistical measure-
ment for its diagnostic ability of binary classifier. As
the CNN of the paper is a binary classifier, the ROC
information is provided to compare the performance
of CNN between H and L group.

(v) Peak signal to noise ratio: peak signal to noise ratio
(PSNR) is used as measurement of qualitative recon-
struction method of compression codes [39]. As the
performance of filter will depend on how many core
features are extracted from raw ERP, the PSNR of L

1
s

feature map was calculated as a mean of measure-
ment of performance. The greater PSNR shows the
presence of significantly high weight inside feature
mapwhereas lower PSNR represents only lowweights
that are present in the given feature map and the
discriminant power of the filter is low.

3. Results

3.1. ERP Detection. Of 33 subjects, 19 were identified as H
group. In Figure 3, time course of learning curve and other
statistical measurements over the training iteration from H
and L subject are presented. The learning curve of L subject
shown in Figure 3(a) indicates that although the false negative
rate (FN) drops according to the training iteration, reaching
0 eventually, the false positive rate (FP) becomes 1. Although
the learning curve shows sharp increase at 1st and 13th
iteration, mostly it remains around .2. This indicates that the
CNN becomes overtrained to positives (target). Moreover, as
the CNN identifies most of the ERP to be positive (high FP
and low FN), the result indicates that discriminant feature of
target ERP was not found. On the other hand, both FN and
FP of H subject drop to around 0 and .2. The learning curve
saturates around .85 indicating nonoverfitting of the CNN
(Figure 3(b)).

The errors shown in Figures 3(c) and 3(d) are defined as
follows for training and online data:

error = TP + TN
TP + TN + FP + FN

. (2)

Although bothH and L group show drop in both training and
validation error as training iteration continues, the validation
error of L subject is higher than that of H subject.

The ROCs of H and L subject shown in Figure 3(e)
indicate the performance of CNN of H group to be greater
than that of L group subject.

3.2. Spatial and Temporal Features. The feature map of each
convolutional layer did not contain negative weights associ-
ated with negative peaks, such as N1 [40] as the activation
function was set to ReLU [33].

The target ERP and feature map of L
1
of sampler H and L

subject are shown in Figures 4 and 6.The target ERP shown in
both figures is target ERP averaged over all trials. To analyze
the correlation of frontal and occipital lobe electrodes, the
first 3 electrodes (first 3 rows of averaged target ERP matrix)
were copied and pasted at the end of ERP matrix. As shown
in Figure 4(a), the target ERP of L group subject shows
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Table 1: Results of the CNN classification. Data are sorted according to the ERP group. Accuracy (Acc.), sensitivity (Sens.), precision (Prec.),
F1 measure, ROC, PSNR, and peak time of 2nd layer (PeT.) are given for comparison.

Subject number Type Acc. Sens. Prec. F1 measure ROC PSNR PeT.
1 H .917 .250 .028 .050 .695 −42.285 .372
2 H 1.000 .647 .131 .218 .863 −34.468 .485
3 H .917 .750 .188 .300 .997 −35.677 .594
4 H .833 .750 .255 .344 .766 −32.909 .437
5 H .833 .744 .242 .366 .660 −37.448 .354
6 H .750 .782 .276 .408 .562 −39.263 .449
7 H .833 .803 .292 .428 .814 −25.565 .595
8 H 1.000 .826 .317 .458 .873 −25.902 .411
9 H .667 .844 .333 .478 .696 −22.070 .527
10 H .750 .838 .346 .490 .873 −39.588 .367
11 H .917 .869 .327 .475 .922 −25.750 .448
12 H .917 .878 .342 .493 .940 −24.519 .664
13 H .667 .747 .294 .422 .638 −23.987 .497
14 H .833 .713 .279 .401 .778 −40.687 .543
15 H .917 .721 .290 .414 .935 −39.207 .489
16 H .750 .733 .302 .428 .998 −35.497 .362
17 H .917 .733 .289 .415 .799 −38.910 .284
18 H .917 .740 .295 .421 .861 −27.944 .452
19 H 1.000 .746 .298 .426 .780 −29.202 .458
20 L .583 .846 .344 .489 .843 −25.722 .445
21 L .583 .854 .343 .490 .573 −18.743 .575
22 L .667 .849 .338 .483 .249 −21.219 .341
23 L .833 .849 .341 .486 .427 −46.836 .638
24 L .750 .853 .337 .483 .582 −20.236 .282
25 L 1.000 .860 .343 .488 .888 −20.511 .558
26 L .917 .866 .343 .492 .535 −22.905 .627
27 L .833 .868 .337 .485 .580 −22.883 .451
28 L .750 .881 .362 .513 .898 −23.225 .381
29 L .583 .808 .321 .460 .709 −31.783 .350
30 L .833 .814 .324 .464 .874 −36.084 .396
31 L .583 .755 .298 .428 .742 −27.483 .422
32 L .667 .752 .303 .432 .931 −19.580 .533
33 L .583 .745 .294 .432 .377 −32.561 .454

broad peak around P700 range on F3 and CZ. ERP of other
lobes did not show any significant positive weight indicating
nonsignificant features associated with target being observed
and being flat. Feature maps shown in Figures 4(b) through
(i) have shown high correlation between ERP from central
and parietal lobe electrodes.

On the other hand, the correlation of ERP among adjacent
electrodes for H group subject shown in Figure 6 indicates
the correlation is restricted to specific time range. Most of
the high weights of feature maps shown in Figures 6(b), 6(d),
6(f), and 6(e) show significant positive value around P500
and P700 range for frontal and central lobe electrodes. The
correlation between central and parietal lobe is shown in
Figure 6(c) around P500 range. Some features around P500
region were found to show high correlation among all elec-
trodes.Unlike that of L group subjects, featuremapof L

1
forH

group subject showed high correlation among all electrodes,
where each case shows specific temporal characteristics.

The temporal features shown in feature map in Figure 5
indicate that temporal features associated with P700 peak are
present for L group subjects as expected. In Figures 5(a), 5(b),
and 5(c), high positiveweights were found aroundP700 range
(row 4 and 6). However, most of the feature maps did not
show significant weights or were either flat as in Figure 5(i).

The temporal features of H group subjects showed more
variety. Some feature maps showed high positive weights in
their feature maps around P300 and P500 range as shown in
Figures 7(a), 7(b), 7(c), and 7(d), whereas the others indicated
significant positive weight around P700 range as in Figures
7(a)–7(i). However, the weight associated with P700 range
is more widely defined than those associated with P300 and
P500.

3.3. Statistical Analysis. Comparison of classical statistical
measurements and other measurements is shown in Table 1.
The accuracy, sensitivity, and precision showed significant
mean difference between H and L group (𝑝 values were
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(c)
Figure 1: Experimental paradigm. (a) The position of EEG channels in 10/20 system. The EEG were collected from F3, Fz, F4, C3, Cz, C4,
P3, Pz, P4, O1, and O2 positions as indicated by red circle. (b) Experimental setting schematics. Subjects were sat on a chair and were asked
to mentally count the occurrence of target icon. The ERP speller system for this paper was implemented with RSVP. The icon appeared on
the center of the monitor. (c) Schematics of CNN architecture. The architecture consisted of 2 convolutional layers, 2 max-pool layers, and 2
fully connected layers. The number on top of each layer indicates size of feature map.

0.0135, 0.8.88e − 05, and 0.0072, resp.). A significant mean
difference in F1 measure did not exist between H and L
group. The accuracy of H and L group was 0.889 and 0.687,
respectively.The sensitivity ofHgroupwas higher than that of
L group, but the precision of H group was significantly lower
than that of L group. The area under ROC of H group was
significantly higher than that of L group (𝑝 value = 0.0137).

The PSNR for L
1
of H group was significantly lower than

that of L group. As all PSNR measured were negative, the ab-
solute value of PSNR of H group was greater than that of L
group. On the other hand, no mean difference of the peak
time (PeT.) between H and L group was found (𝑝 value =
0.965).

4. Discussion

In this study, CNN has been used to investigate the spatial
and temporal characteristics of ERP that distinguish the

performance difference between illiterates and nonilliterates
(L and H group). As a comparison of performance, classical
statistic measurements as well as filter comparison mea-
surement had been collected to compare the correlation
of ERP taken from different EEG electrodes and identify
characteristic temporal features associated with each group.

The statistical measurement shows that the mean per-
formance of CNN with H and L group data had significant
difference. The accuracy of H group data was higher than
that of L group data. Interestingly, although the sensitivity
of H group was higher than that of L group, the precision of
H group was significantly lower than that of L group. This
reflects the fact that the ERP of L group was not identified as
target in most of the cases, and the CNN identified ERP from
all 6 icons to be nontarget in more than half of the trials.

The learning curve and errors in Figure 3 demonstrate
how the statistical measurement affects the performance of
CNN. Although the false negative rate remains mostly near
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(a) (b) (c)

(d) (e) (f)

Figure 2: Schematics of icons used for rapid serial visual presentation (RSVP) panel. The design of icons was taken from television remote
controller. (a) Turn on. (b) Volume up. (c) Channel up. (d) Turn off. (e) Volume down. (f) Channel down.

0, as the false positive rate remains close to 0, the learning
curve remains stable around .2 for the L group subject. This
again reflects the characteristics of L group ERP who were
mostly identified as nontarget. Some of the ERP that were
identified as target ERP were mostly from nontarget icons,
indicating lack of distinctive feature associated with target
ERP. However, both false negative and false positive rate drop
as training iteration continues for H group subject’s data,
leading to increase of learning accordingly to the iteration.
As the ERP of L group does not have sufficient distinctive
features, themodel becomes slightly overtrained compared to
themodel ofH group subject as shown in validation error plot
in Figures 3(c) and 3(d).The comparison of ROCvalidates the
analysis as ROC of H group was significantly higher than that
of L group (𝑝 value = 0.0137).

As shown in Figure 4, most of the ERP collected from L
group were flat in most of the channels. Most of the positive
weights in target ERP were observed in frontal and central
lobe electrodes (1st and 5th row of Figure 4(a)) which was
contrary to the expectation as previous research indicated
positive peaks associated with target event were mostly
observed in parietal or occipital lobe [41, 42].The correlation
of ERP collected from adjacent electrodes did not show
existence of significant correlation between occipital and
parietal lobe data in L group subjects. On the other hand, ERP
of H group were more invigorated, showing stronger activity

in P300 area as shown in Figure 6(a). The ERP correlation
indicated in feature map also indicated stronger correlation
of ERP data collected from occipital and parietal lobe with
other lobes. The spatial correlation shown in feature map of
H group also indicated that the correlation was restricted in
specific time range corresponding to either P300, P500, or
P700.

The feature map of 2nd convolutional layer demonstrated
the difference in temporal features between H and L group
subjects. In most of L group subjects, the feature map did not
show strong positive weights and was flat. Some indication of
positive weights was mostly restricted in P700 region. On the
other hand, the positive weights of H group were distributed
around P300, P500, and P700 and the positive weights found
near P300 and P500 range was sharper compared to those
found around P700 range. Previous researches have indicated
the possibility of existence of different features other than
P300 [41, 43, 44] The result of the paper also supports the
idea that P300 may not be the only key feaure of ERP speller
system. Rather, the P700, which were identified among both
L and H group subjects, may represent more universal ERP
feature. However, the ERP from central lobe area observed
in L group indicates the possibility of effect of stimulus
probability [32] (Figure 1(a)).

The PSNR indicated that lack of activities in occipi-
tal/parietal lobe and broad peak found in P700 affect the
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Figure 3: Learning curve and receiver operating characteristic curve (ROC) of L and H subject. (a) False negative rate (FN) and learning
curve of L subject saturates near 0 and .2, respectively, whereas false positive rate (FP) increase to 1. (b) Both FP and FN drop over the time
course for H subject and learning curve saturates near .8. (c) Training and validation error of drops over the time course for both L subject
and (d) H subject. Both validation and training error are lower for H subject. (e) ROC curve of H and L subjects.



8 Computational Intelligence and Neuroscience

50 10
0

15
0

20
0

25
0

30
0

2
4
6
8

10
12
14 −30

−20
−10
0
10

(a)

100 200 300

2

6

10

14 0
5
10
15
20

100 200 300

2

6

10

14 0
5
10
15
20

100 200 300

2

6

10

14 0
5
10
15
20

100 200 300

2

6

10

14 0
5
10
15
20

(f)

100 200 300

2

6

10

14 0
5
10
15
20

100 200 300

2

6

10

14 0
5
10
15
20

100 200 300

2

6

10

14 0
5
10
15
20

100 200 300

2

6

10

14 0
5
10
15
20

(b) (c) (d) (e)

(g) (h) (i)

Figure 4: ERP averaged over all trials and feature map of L
1
of L subject.The ERP from frontal lobe was copied and pasted on last three rows.

(a) Grand average ERP over all trials. Feature maps from L
1
shown in (b), (c), (d), (e), (f), (g), (h), and (i). Strong correlation between frontal

and central lobe and between central and parietal lobe was found. Spatial correlation among other electrodes is not well defined.
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Figure 5: Feature map of L
2
of L subject data. Temporal feature associated with P700 peak is found as shown in (a), (b), and (c).



Computational Intelligence and Neuroscience 9

50 10
0

15
0

20
0

25
0

30
0

2
4
6
8

10
12
14

0
10

100 200 300

2

6

10

14 0
1
2
3
4
5

100 200 300

2

6

10

14 0
1
2
3
4
5

100 200 300

2

6

10

14 0
1
2
3
4
5

100 200 300

2

6

10

14 0
1
2
3
4
5

100 200 300

2

6

10

14 0
1
2
3
4
5

100 200 300

2

6

10

14 0
1
2
3
4
5

100 200 300

2

6

10

14 0
1
2
3
4
5

100 200 300

2

6

10

14 0
1
2
3
4
5

(a)

(f)

(b) (c) (d) (e)

(g) (h) (i)

−30
−20
−10

Figure 6: ERP averaged over all trials and feature map of L
1
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ERP of H group shows significant peak around P300 and P500 (rows 1, 5, 7, and 8). Correlation between ERP from adjacent electrodes shows
high correlation related to specific time rage (P300 and P700) in (b), (d), (f), and (e).
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Figure 7: Feature map of L
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of H subject. Format is the same as Figure 5. High positive weight around P300 and P500 range were found in

(a), (b), (c), and (d). (e)–(i) Moderate positive weight around P700 were also found.
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performance of spatial filter in L1 as well. As the PSNR
measures the maximum power of a signal and the power
of corrupting noise [45], the result indicates that the filter
was not able to extract distinctive signal of target ERP from
background noise for L group subjects’ data. This may be
since peaks near P700 were broad and fluctuating. On the
other hand, P300 and P500 peaks found in H group subjects
were sharper, which made the filter extract relevant features
more precisely without being affected by background noise.
Interestingly, the major peak of L

2
of H and L group subjects

did not differ significantly (𝑝 value = 0.965). As the major
peak was found by averaging the feature maps from L

2
, the

difference in each feature mapmay have been overshadowed.
Further statistical analysis to access temporal feature within
each featuremapmust be applied to validate the results found
in this study.

5. Conclusions

This study has investigated the difference in spatial and
temporal features of ERP between high performance group
(H group) and low performance group (L group). The result
indicated that themajor difference arises from spatial correla-
tion of ERP among other lobes rather than temporal features.
Although the temporal feature difference was not found to
be quantitative in this study, the qualitative analysis indicated
lack of P300 in low performance group. Interestingly, both
low and high performance group showed activity near P700
whichmay be the key activity of ERP speller system instead of
traditional P300 peak. Further analysis of individual feature
map will be needed to investigate the key temporal feature of
ERP speller system.
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Parkinson’s disease affectsmillions of people around the world and consequently various approaches have emerged to help diagnose
this disease, amongwhichwe can highlight handwriting exams. Extracting features fromhandwriting exams is an important contri-
bution of the computational field for the diagnosis of this disease. In this paper, we propose an approach thatmeasures the similarity
between the exam template and the handwritten trace of the patient following the exam template. This similarity was measured
using the Structural Cooccurrence Matrix to calculate how close the handwritten trace of the patient is to the exam template. The
proposed approach was evaluated using various exam templates and the handwritten traces of the patient. Each of these variations
was used together with the Näıve Bayes, OPF, and SVM classifiers. In conclusion the proposed approach was proven to be better
than the existing methods found in the literature and is therefore a promising tool for the diagnosis of Parkinson’s disease.

1. Introduction

According to the World Health Organization, neurological
disorders such as Parkinson’s disease, multiple sclerosis,
Alzheimer’s disease, epilepsy, shingles, and stroke are nervous
system diseases that affect the brain, the spine, and the nerves
that connect them. Approximately 16 in 60 people suffer
from some neurological disease [1]. Parkinson’s disease (PD),
first described by Parkinson [2], is a degenerative disease
of the central nervous system associated with a chronic
and progressive movement disorder [1]. Parkinson’s Disease
Foundation claims that this disease affects about 7–10million
people worldwide and 4% of people with PD are diagnosed
before the age of 50. The cause is unknown and there is no
cure for PD, but an early diagnosis helps in the treatment that
continues throughout the patient’s life.

PD studies, in the computational field, aremainly focused
on diagnosing the disease. The literature shows that some
works aim to recognize the presence or absence of PD
and identify the patients degree of severity [3, 4], and
another extracts features fromhandwriting exams [5], among

others [6–12]. Most of the studies use signals from exams
to make a diagnosis. However, studies related to a diagnosis
through handwriting exams (handwriting exams based on
the quality of the patient’s tracing results can be used for PD
diagnosis) are quite scarce [5].

Handwriting exams may be conducted on paper [13] or
by using more sophisticated methods such as digitizers [5]
or even a smartphone [14]. This type of exam has advantages
as it is easily obtainable and can also provide diversity, such
as spirals, ellipses, connected syllables, connected words, and
many other ways to test a patient’s ability to trace such forms
[15–19].However, the extraction of the features is complicated
since the paper exams have some printing error and the
information in this type of exam is not so clear.

This paper compares handwriting templates and patients
handwriting using a novel Structural Cooccurrence Matrix-
based approach which relies on similarity metrics as
attributes.This approach was used because feature extraction
through cooccurrence between similar images appeared as
a promising method for this application. The proposal was
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(a) CG individual (b) PG individual

(c) CG individual (d) PG individual
Figure 1: (a-b) Handwriting exams in a spiral format; (c-d) handwriting exams in a meander format [13].

evaluated using three classifiers and the results were com-
pared against those in [13].

The rest of this paper is organized as follows. The essen-
tials of handwriting exams and somemachine learningmeth-
ods are explained in Sections 2 and 3, respectively. Section 4
describes the Structural Cooccurrence Matrix features. Our
proposal is presented in Section 5. The experimental setup is
presented in Section 6. Then, the results and discussion are
given in Section 7 and finally the conclusions are given in
Section 8.

2. Diagnosis of Parkinson’s Disease through
Handwriting Exams

There are several examples in the literature that apply hand-
writing exams to diagnose PD. Drotár et al. recorded the
examination time as a parameter for PD diagnosis [5] while
Surangsrirat used a polar coordinates interpretation to define
the features [20].There are also works based on the difference
between the patient’s trace and the template [13].

Pereira et al. [13] introduced a new method to obtain the
exam which is performed on paper and relies on underlining
the template correctly. Pereira et al. also proposed a set of

images composed of handwriting exams known as HandPD
dataset.

The HandPD dataset [13] consists of 736 images from
handwriting exams divided into two groups: the Control
Group (CG) containing 144 images and the Patient Group
(PG) containing 592 images. The exams were obtained from
92 individuals, in which 18 were healthy individuals (CG)
and 74 were patients (PG) diagnosed with PD. These exams
were performed at the Botucatu Medical School of the
State University of São Paulo, Brazil, and include spiral and
meander handwriting exam templates. Figure 1 shows some
samples from this dataset [13].

Pereira et al. [13] used an approach to define the dataset
attributes based on the differences between the exam template
(ET) and the handwritten trace (HT). Pereira et al. [13]
described the HandPD dataset exams using the 9 attributes
listed below:

(1) Root mean square (RMS) of the difference between
HT and ET radius:

RMS = √ 1𝑛
𝑛∑
𝑖=0

(𝑟𝑖HT − 𝑟𝑖ET)2, (1)
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where 𝑛 is the number of sample points drawn for
each HT and ET skeleton and 𝑟𝑖HT and 𝑟𝑖ET denote the
HT and ET radius, which is basically the length of
the straight line that connects the 𝑖th sampled point,
respectively, to the center of the spiral or meander.

(2) Maximum difference between HT and ET radius:

Δmax = argmax
𝑖

{𝑟𝑖HT − 𝑟𝑖ET} . (2)

(3) Minimum difference between HT and ET radius:

Δmin = argmin
𝑖

{𝑟𝑖HT − 𝑟𝑖ET} . (3)

(4) Another attribute is standard deviation of the differ-
ence between HT and ET radius.

(5) Mean relative tremor (MRT) [13] is a quantitative
evaluation to measure the “amount of tremor” of a
given individual’s HT:

MRT = 1𝑛 − 𝑑
𝑛∑
𝑖=𝑑

{𝑟𝑖ET − 𝑟𝑖−𝑑+1ET
} , (4)

where 𝑑 is the displacement of the sample points used
to compute the radius difference.

(6) There is maximum ET radius.
(7) Another attribute is minimum ET radius.
(8) There is also standard deviation of HT radius.
(9) The last one is the number of times the difference

between HT and ET radius changes from negative to
positive or the opposite.

3. Overview of Machine Learning Methods

Pereira et al. [13] evaluated their approach using experi-
ments which involved theNäıve Bayes, Optimum-Path Forest
(OPF), and Support Vector Machines (SVM) classifiers.
Therefore, we conducted our experiments with the same
aforementioned classifiers in order to compare our proposal
with Pereira et al.’s.

All three classifiers deal with recognition problems in
different ways. Based on Bayes’ Theorem, the Näıve Bayes
classifier is a probabilistic approach that makes a strong
independence assumption among the predictors [21]. The
common terms in such a theorem, a priori and a posteriori,
are related to an indication of known probabilities and the
probability in future indications, respectively.

On the other hand, the OPF classifier designs the recog-
nition problem based on the Graph Theory in a particular
feature space [22]. A competition process is established
among some patterns, called prototypes that are determined
during the training step, and each connected pattern carries
its cost. After that, the optimal-path forest is computed using
the Image Forest Transform (ITF) algorithm. The LibOPF
library [23] was used to implement the OPF classifier used
in this work.

Input signal

f f

SCM

P
Q

Q

k k(f)

Two-
dimensional
histogram

Attributes
(3 groups)

Figure 2: An example of an SCM [25].

The SVM classifier is based on the Vapnik statistical
learning theory [24]. The main goal of this classifier is to find
an optimal hyperplane able to separate the patterns of each
label. This optimal hyperplane is obtained through the linear
separation of the patterns in space, and after the feature space
is defined the SVM determines the optimal hyperplane.

4. Structural Cooccurrence Matrix (SCM)

In this section, we present a brief description of the SCM,
which is the basis for the approach of this article, as proposed
by Bezerra Ramalho et al. [25].

Bezerra Ramalho et al. [25] introduced a general purpose
structural image analytical method based on cooccurrence
statistics saved in a matrix, namely, Structural Cooccurrence
Matrix (SCM). This method analyzes, in an 𝑛-dimensional
space, the relation between low-level structures of two dis-
crete signals. Figure 2 shows an example of this method.

This method has a variable 𝑘 which is any invariant
image filter that exposes saliences of the image 𝑓. Here, 𝑘
is configurable for each application. Thus, depending on the
a priori knowledge of the characteristics of the image being
analyzed, 𝑘 can be either a high-pass filter or a low-pass filter
[25].

5. Proposed Approach

In this section, we present our SCM-based approach to diag-
nose PD.This new approach extracts features from the spiral
and meander handwriting exams of the HandPD dataset
[13]. Figure 3 shows the proposed flowchart. This flowchart
presents one of the combinations which uses handwritten
trace (c) and exam template (b).

The first step is the exam segmentation which returns two
new images: the exam template (ET) and the handwritten
trace (HT). This step is presented in detail in Figure 4. The
images are obtained by applying digital image processing
techniques on the handwriting exams.

In order to obtain the ET segmentation the image is
smoothed through a Median filter (5 × 5) to eliminate the
noise picked up during the acquisition of the exam. Then, an
erosion (9 × 9 ellipse structure) is applied to ensure that
there is no discontinuity in the ET segmentation. After that,
an empirically defined threshold is used. Finally, an erosion
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Figure 3: Flowchart of the proposed approach.
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Figure 4: An example of the segmentation process: (a) segmentation of exam template; (b) segmentation of handwritten trace.
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is applied again with the same structuring element to obtain
the real size of the ET as shown in Figure 4.

In order to obtain the HT segmentation the image is also
smoothed through the Median filter (5 × 5) to eliminate
the noise picked up during the exams.Then, the handwriting
exam is converted to the grayscale, after which the Otsu
threshold is applied. Finally, we apply a difference operation
between the grayscale image and the ET. These steps are
shown in Figure 4.

The second step in our proposal converts the segmented
exams to the grayscale for the next step. The third step
is feature extraction from the images obtained after the
segmentation and conversion to the grayscale. These images
are used as the input to SCM as showed in Figure 2. The
feature extraction through the SCM is a method to analyze
the relationship between signals, in this case, in a two-
dimensional space.

A slight modification was made to the original SCM
method. The SCM has two input parameters, an image and
a filter. We replaced the filter with another image. The new
configuration of the input parameters is presented as an
example in Figure 3.This proposal is intended to enhance the
differences between the two input images by computing the
similarity approximation between the patient’s trace and the
exam template.There is no need to configure a filter as in this
SCMmethod the filter was replaced for another image.

Three combinations of three images were proposed as the
SCM inputs, which were then used for a complete analysis:
(i) handwriting exam and handwritten trace; (ii) handwriting
exam and exam template; and (iii) handwritten trace and
exam template.

The scalar attributes, obtained through the SCMmethod,
are computed by the SCM generated between the input
images. These attributes are divided into three groups: sta-
tistical group, information group, and divergent group [25].
All these attributes are computed based on the SCM matrix
represented by M = m𝑖𝑗, and some are related to the
marginal distribution P of the SCM. A brief description of
each attribute is given below:

(i) Correlation (COR) measures how the information is
correlated. The COR is given by

COR = 𝑁−1∑
𝑖𝑗=0

m𝑖𝑗
(𝑖 − 𝜇𝑖) (𝑗 − 𝜇𝑗)√𝜎𝑖2𝜎𝑗2 ∈ [−1, 1] , (5)

where 𝜇𝑖 and 𝜇𝑗 are the average value of rows and
columns of M. 𝜎𝑖 and 𝜎𝑗 are the standard deviation
of rows and columns of M.

(ii) Inverse difference moment (IDM) measures the
homogeneity and it is given by

IDM = 𝑁−1∑
𝑖𝑗=0

m𝑖𝑗1 + (𝑖 − 𝑗) ∈ [0, 1] . (6)

(iii) Entropy (ENT): the randomness of the information is
measured and it is given by

ENT = −𝑁−1∑
𝑖𝑗=0

m𝑖𝑗 log (m𝑖𝑗) . (7)

(iv) Chi-square distance (CSD): since the P0𝑖 = m𝑖𝑗 = 𝑗
and P𝑒𝑖 = ∑𝑁−1𝑗=0 m𝑖𝑗 >= 𝑖,

CSD = 𝑁−1∑
𝑖=0

(P0𝑖 − P𝑒𝑖 )2
P𝑒𝑖
. (8)

(v) Chi-square distance ratio (CSR): with the distribu-
tions of the quadrants I, PI

𝑖 = ∑𝑁/2−1𝑖=0 ∑𝑁/2−1𝑗=0 m𝑖𝑗, and
III, PIII
𝑖 = ∑𝑁−1𝑖=𝑁/2∑𝑁−1𝑗=𝑁/2m𝑖𝑗, the CSR is given by

CSR = 𝑁−1∑
𝑖=0

(PI
𝑖 − P𝑚𝑖 )2
P𝑚𝑖
, (9)

where P𝑚𝑖 = (PI
𝑖 + PIII
𝑖 )/2.

(vi) Mean absolute difference ratio (MDR) calculates
the statistical dispersion, where MDmin =
min(MD𝑝𝑐 ,MD𝑝𝑟), MDmax = max(MD𝑝𝑐 ,MD𝑝𝑟),
and MD𝑝 = ∑𝑁−1𝑖=0 ∑𝑁−1𝑗=0 P(𝑆𝑖)P(𝑆𝑗)|𝑆𝑖 − 𝑆𝑗|. TheMDR
is given by

MDR = MDmin
MDmax
, (10)

where 𝑆𝑖, 𝑆𝑗, 𝑖 = 0, . . . , 𝑁 − 1 are the indexes of the
nonzero values of the marginal distribution P.

(vii) Divergence of Kullback Leibler (𝐷KL) measures the
information gain between bordering distributions
and it is given by

𝐷KL = 𝑁−1∑
𝑖=0

log(P𝑐𝑖
P𝑟𝑖
)P𝑐𝑖 , (11)

where P𝑐𝑖 /P𝑟𝑖 = 0, where P𝑟𝑖 = 0.
(viii) Complementary absolute difference (CAD) compares

the two probability distributions P𝑐𝑖 and P
𝑟
𝑖 . The CAD

is given by

CAD = 1 − 𝑁−1∑
𝑖=0

P𝑐𝑖 − P𝑟𝑖  . (12)

At the end of the SCMprocess we have the attributes to be
applied as pattern recognition inputs to anymachine learning
method.
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Table 1: Results from the best classifiers and combinations.

Meander Spiral M/S
Acc (%) Acc (%) Acc (%)

Bayes
a⇔ c 72.77 ± 9.91 69.57 ± 11.07 65.95 ± 2.05
a⇔ b 75.11 ± 3.99 76.36 ± 4.26 68.38 ± 2.18
c⇔ b 77.72 ± 4.27 82.01 ± 5.53 71.39 ± 2.39

OPF
a⇔ c 75.54 ± 3.76 69.73 ± 3.63 64.28 ± 2.05
a⇔ b 68.59 ± 3.76 70.49 ± 3.63 61.13 ± 2.57
c⇔ b 77.50 ± 2.75 75.71 ± 4.39 67.21 ± 1.98

SVM
a⇔ c 80.05 ± 1.80 78.04 ± 2.74 67.63 ± 2.73
a⇔ b 75.00 ± 2.90 78.04 ± 2.85 65.30 ± 2.92
c⇔ b 82.23 ± 3.02 85.54 ± 3.62 74.13 ± 2.27

6. Experimental Setup

We conducted some experiments with the handwriting
exams used by Pereira et al. [13]. These exams concern the
patient’s ability to underline the two exam templates: spiral
and meander. First, the spiral and meander exam attributes
were extracted by the proposed approach presented in Sec-
tion 5. Then, we applied three machine learning methods:
Näıve Bayes, OPF, and SVM in 3 different experiments: (i)
considering only the spiral exam attributes; (ii) considering
only themeander exam attributes; and (iii) considering spiral
and meander exam attributes together. That is, we evaluate
the proposed approach using the two handwriting formats
separately and also together. After that, we compared the
results with those of Pereira et al. [13].

The number of HandPD dataset samples, used in all of
the experiments, are divided into 368 spiral exam samples
and 368meander exam samples, resulting in 736 samples.We
emphasize that each subset is divided into 296 samples from
the CG and 72 samples from the PG.

All the three experiments were conducted with 75% for
the training set, 25% for testing set, and the remaining 25% for
the validation set. We applied a cross-validation with 20 runs
for the reliability of the results.The setup of the OPF classifier
was configuredwith the Euclidean distance and the SVMwith
the radial basis function. The SVM and OPF classifiers were
automatically optimised by choosing the optimal parameters
from each method. Parameters are considered optimal when
the cross-validation estimates the minimal error [26–32].

Accuracy was used to classify the machine learning
methods. This metric is defined using the terms obtained in
the confusion matrix generated after applying the machine
learning methods and refers to the closeness of a measured
value to a standard or known value.

7. Results and Discussion

In this section, we provide an analysis of the results using
the handwriting exams from Pereira et al. [13]. These exams

present the patient’s ability to underline the exam template.
The results were obtained by applying machine learning
methods to the features extracted from cooccurrence matrix
obtained over the SCM extractor used in this work.

Table 1 presents the classification results of the combi-
nations between the images obtained in the segmentation
(ET and HT) and the handwritten exam using SCM, where
the meander and spiral formats were evaluated separately
and together. The handwritten exam, exam template, and
handwritten trace are represented in Table 1 as a, b, and c,
respectively.

Table 1 also shows that the combination of the meander
and spiral exam obtained the lowest accuracy rates. The very
significant difference between the spiral andmeander formats
justifies these low rates.

Another important factor, observed in the best results
obtained with the classifiers in Table 1, was the predominance
of the best results using the combination of the handwritten
trace and the exam template which proves that these two are
the most similar.

The results of this work were compared with the results
obtained byPereira et al. approach [13] inTable 2which shows
each classifier with subdivisions for the experiments using
handwriting exams in the formats of meanders, spirals, and
the combination of the meanders and spirals. Immediately
after that, there is a new subdivision between the results
obtained with our proposal and those of Pereira et al. [13].
In Table 2 the highest accuracy results are in underline font
and the lowest ones in italic font, for each of the classifiers.
Also, highlight in bold are the highest and the lowest accuracy
results of both approaches and experiments.

The results obtained in this paper proved to be superior
in all of the experiments in comparison to those of Pereira
proposal [13]. The highest accuracy was 85.54% using the
approach proposed. This highest result was provided with
the SVM classifier, using the handwriting in a spiral format
with the combination of the handwritten trace and the
exam template. The lowest accuracy among the best results
presented in Table 2 was 45.79%.
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Table 2: Comparison between the best results of this paper and the best results of the Pereira et al. approach [13].

Classif. Database Feature extractor Accuracy (%)

Bayes

Meander Pereira et al. approach [13] 59.20 ± 4.78
Proposed approach 77.72 ± 4.27

Spiral Pereira et al. approach [13] 64.23 ± 7.11
Proposed approach 82.01 ± 5.53

M/S Pereira et al. approach [13] 45.79 ± 4.15
Proposed approach 71.39 ± 2.39

OPF

Meander Pereira et al. approach [13] 57.54 ± 6.35
Proposed approach 77.50 ± 2.75

Spiral Pereira et al. approach [13] 52.48 ± 5.32
Proposed approach 75.71 ± 4.39

M/S Pereira et al. approach [13] 55.86 ± 3.63
Proposed approach 67.21 ± 1.98

SVM

Meander Pereira et al. approach [13] 66.72 ± 5.33
Proposed approach 82.23 ± 3.02

Spiral Pereira et al. approach [13] 50.16 ± 1.71
Proposed approach 85.54 ± 3.62

M/S Pereira et al. approach [13] 58.61 ± 2.84
Proposed approach 74.13 ± 2.27

8. Conclusion

The proposal of this paper is based on the patient’s trace and
the exam template using the SCM method for a similarity
approximation. The SVM classifier with the RBF kernel and
handwriting in the spiral format proved being the most
promising for this application. This configuration had an
accuracy of 85.54% for the combination of the handwritten
trace and the exam template in the feature extraction. The
results obtained in this paperwere 21.31%superior to the best
result achieved by Pereira et al. approach [13].

We conclude that this is promising approach to help in the
diagnosis of PD. Another advantage of this proposal is that
there is no need to configure a filter to obtain the structured
cooccurrence matrix, facilitating its application.

These results encourage us to propose future works for
handwriting feature extraction.
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Robust local descriptors for computer vision,”Neurocomputing,
vol. 184, pp. 1-2, 2016.

[4] N. Bouadjenek, H. Nemmour, and Y. Chibani, “Robust soft-
biometrics prediction from off-line handwriting analysis,”
Applied Soft Computing, vol. 46, pp. 980–990, 2016.

[5] P. Drotár, J. Mekyska, I. Rektorová, L. Masarová, Z. Smékal,
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Multivariate classification techniques have been widely applied to decode brain states using functional magnetic resonance imaging
(fMRI). Due to variabilities in fMRI data and the limitation of the collection of human fMRI data, it is not easy to train an efficient
and robust supervised-learning classifier for fMRI data. Among various classification techniques, sparse representation classifier
(SRC) exhibits a state-of-the-art classification performance in image classification. However, SRC has rarely been applied to fMRI-
based decoding. This study aimed to improve SRC using unlabeled testing samples to allow it to be effectively applied to fMRI-
based decoding. We proposed a semisupervised-learning SRC with an average coefficient (semiSRC-AVE) method that performed
the classification using the average coefficient of each class instead of the reconstruction error and selectively updated the training
dataset using new testing data with high confidence to improve the performance of SRC. Simulated and real fMRI experiments were
performed to investigate the feasibility and robustness of semiSRC-AVE. The results of the simulated and real fMRI experiments
showed that semiSRC-AVE significantly outperformed supervised learning SRC with an average coefficient (SRC-AVE) method
and showed better performance than the other three semisupervised learning methods.

1. Introduction

Functional magnetic resonance imaging (fMRI), which mea-
sures brain activity by detecting changes in blood oxy-
genation level-dependent signals, is a powerful technique
for indirectly investigating the neural activity in the brain.
Recently, multivariate classification techniques have been
widely applied to fMRI data to decode brain states from
observed brain activities [1]. Compared with the tradi-
tional univariate analysis methods, multivariate supervised-
learning techniques are able to reveal the neural mechanism
that is discriminative to different brain states [2].

Among the variousmultivariate supervised-learning clas-
sification techniques, sparse representation-based classifi-
cation (SRC) exhibits a state-of-the-art classification per-
formance and is robust against noise. SRC has attracted
increasing attention and achieved promising results in many
areas, for example, image [3], digit, and texture classifications
[4, 5]. SRC represents the test sample using an overcomplete

dictionary whose base elements are the training samples.
If sufficient training samples are available from each class,
SRC will be possible to represent the test samples as a
linear combination of the training samples from the same
class. Although various supervised-learning classification
techniques that included support vector machine (SVM),
logistic regression, naı̈ve Bayesian, and deep neural networks
were applied to brain state decoding of fMRI data [6–9], SRC
has seldom been applied to fMRI-based brain state decoding
due to the various variabilities in fMRI data, such as complex
and high noises and the delay of hemodynamic response.
Given the promising outcomes of SRC in other research
fields, it is necessary to explore the effective use of SRC in
fMRI analysis.

SRC is a type of supervised-learningmethod that must be
trained using labeled samples. If the labeled training data are
insufficient, the performance of the trained classifier cannot
be guaranteed. Because the collection of human fMRI data
is restricted by the high cost of experiments and is highly
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constrained by the limited amount of time during which a
participant can safely remain in the scanner, it is challenging
to collect a large amount of labeled training data for a
participant. To solve the insufficiency of labeled training data,
semisupervised learning was developed to train the classifier
using both labeled training data and unlabeled data. Many
machine learning studies have found that unlabeled data, in
conjunctionwith a small amount of labeled data, can produce
a considerable improvement in the learning accuracy [10, 11].

Various semisupervised-learning algorithms have already
been developed over the past decade, including self-training
[10, 12], cotraining [13], transductive support vector machine
[14], graph-based algorithms [11], and generativemodels [15].
Among these methods, self-training is a simple and effective
model and is less time-consuming than the othermodels [16].
Self-training gradually updates the labeled training data by
using test samples with themost confident predictions step by
step to improve the performance of the traditional supervised
learning algorithm. In contrast to most conventional classifi-
cations that are usually divided into two independent steps,
that is, training and testing, SRC does not have a training
process, and all test data are adaptively represented by all
the training samples in the dictionary. Therefore, SRC has an
adaptive characteristic [17] and does not need to be retrained
as the training data are gradually enlarged. Therefore, self-
training can be easily combinedwith SRC.Thus far, one study
proposed a type of semisupervised SRC method for EEG
in brain-computer interface application by combining self-
training learning and SRC [17]. This method simply updates
all tested data without estimating the confidence of the
predictions, which may result in performance degeneration
due to many false predictions.

In addition, a few semisupervised machine learning
methods have recently been proposed for fMRI data analysis.
Plumpton et al. proposed a näıve random subspace ensemble
strategy using linear classifiers [18]. This method is time-
consuming and can easily be affected by testing samples with
inaccurate predictions. Plumpton (2014) further proposed
random subspace ensemble of online linear discriminant
classifier (RSE-OLDC) that updates only the predicted labels
with a high confidence rather than all predicted labels [19].
However, two parameters, that is, the subspace scale and
the number of individual classifiers in RSE-OLDC, may vary
with different datasets, and the random selection of feature
subsets may induce some fluctuations in the classification
results. Due to the low signal-to-noise ratio (SNR) and
low sample-to-feature ratio of fMRI data, the introduction
of a few incorrect sample labels may heavily affect the
classification performance. Therefore, a robust and effective
semisupervised learning method is essential for brain state
decoding based on fMRI data.

This study aimed to investigate how to improve SRC and
effectively applied SRC to fMRI-based decoding. Zou et al.
(2015) proposed a local sparse representation-based nearest
neighbor (LSRNN) classifier that averaged the 𝑘 largest sparse
coefficients in each class and assigned the label of the class
with the maximum average sparse coefficient to the testing
sample [20]. It was demonstrated that class-specific sparse
coefficients could be utilized to improve the performance

of classification. Based on the previous study, this study
proposed the semisupervised SRCwith an average coefficient
(semiSRC-AVE) method that performed the classification
using the average coefficient of each class instead of the
reconstruction error and selectively updated the training
dataset using new testing data with high confidence to
improve the performance of SRC. The results of the simu-
lated and real fMRI data both demonstrated that semiSRC-
AVE exhibited a more stable and better performance than
the supervised SRC with an average coefficient (SRC-AVE)
method. Compared to the other three semisupervised meth-
ods, including näıve semiSRC-AVE, RSE-OLDC [19], and
random subspace ensemble of online SRC-AVE (RSE-OSRC-
AVE), semiSRC-AVE showed better performance in the
multiclass classification and comparable performance in the
two-class classification.

2. Related Works

For self-training, the confidence of prediction is calculated
after a test sample is classified. If the confidence is higher
than a threshold, the test sample and its predicted label are
added to the training set and the classifier is retrained for
the next test sample. The confidence of predication is critical
to the self-training algorithm. An appropriate confidence
measure can prevent test samples with wrong predicted label
from entering into the training set. Different self-learning
classifiers may use different confidence measures.

For the well-known decision tree algorithm C4.5 [21], the
confidence of a prediction can be obtained from the accuracy
of the leaf, that is, the percentage of correctly classified
training samples from all training samples [16]. For the
self-training näıve Bayesian classifier (NB), the confidence
is determined by the probability of predicted class for a
given test sample [16]. The self-training SVM algorithm can
determine the confidence of a prediction using Plat scaling
[22] that returns posterior probability of predicted class for a
test sample [23].

Recently, a few self-training update strategies have been
applied to fMRI-based classification. Naı̈ve strategy does
not judge the predicted labels’ reliabilities and updates the
classifier using the predicted naı̈ve labels directly. Plumpton
et al. (2012) applied the näıve strategy to a random subspace
ensemble classifier that used the vote result of the ensemble
linear discriminant classifiers as the true label and updated
the classifier by adding the test data to the training set [18].

Plumpton (2014) further improved their ensemble
method and proposed the new random subspace ensemble
of online linear discriminant classifier (RSE-OLDC) by
updating the training data using the predicted labels with a
high confidence [19]. Because RSE-OLDC was used in this
study, we presented a detail review on RSE-OLDC.

RSE-OLDC has two parameters that are the number of
individual classifiers (𝐿) and the subspace scale (𝑀). Suppose
that each sample has 𝑛 features. For each training sample,
𝐿 feature subsets are drawn independently. Each subset
contains𝑀 < 𝑛 features that are randomly selected from the
total feature set without replacement. Therefore, 𝐿 training
datasets are generated and 𝐿 diverse linear discriminant
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classifiers (LDC) [18] are generated by training each ensemble
member on a different training dataset. Suppose that the
training data for class 𝑖 come from a multivariate normal
distribution with the class-specific mean 𝜇𝑖 and the common
covariancematrixΣ.The optimal discriminant function𝑔𝑖(𝑥)
of LDC for a test sample 𝑥 is calculated by

𝑔𝑖 (𝑥) = ln𝑃𝑖 − 1
2
𝜇𝑖
𝑇
Σ−1𝜇𝑖 + 𝜇𝑖

𝑇
Σ−1𝑥. (1)

The test sample𝑥 is assigned to the class with the largest𝑔𝑖(𝑥).
For each test sample, 𝐿 feature subsets are generated in

the same way as the training datasets. Each feature subset of a
testing sample has the same features as the training datasets.
The 𝐿 classifiers are applied to the corresponding 𝐿 feature
subsets of a testing sample separately. The final prediction of
a test sample is determined bymajority vote of the𝐿 ensemble
classifiers. Suppose that 𝑦 is the final prediction and 𝑦𝑖 is
the predicted label of the 𝑖th classifier. Confidence of the
prediction is calculated by

confidence =
∑𝐿𝑖=1 {𝑦𝑖 = 𝑦}

𝐿
. (2)

For the next test sample, the classifiers were updated by
adding the test sample with the confidence higher than a
threshold to the training dataset. Plumpton chose 75% as the
threshold in their study [19].

3. Proposed Methods

In this section, the theoretical frameworks underlying the
SRC and semiSRC-AVE methods are described.

3.1. Sparse Representation-Based Classification. SRC aims to
seek a suitable sparse solution to represent test data 𝑦 from
the whole training set [3]. Suppose that the matrix 𝐴 =
[𝐴1, 𝐴2, . . . , 𝐴𝑘] ∈ 𝑅𝑁∗𝑀 concatenates the 𝑀 training
samples of all 𝑘 classes,𝑁 represents the feature dimension of
the sample, and 𝐴 𝑖 represents the subset of training samples
of class 𝑖. Let 𝑦 be a test sample. If the training samples in the
dictionary are sufficient, test sample 𝑦 can be represented by
solving the following problem:

min ‖𝑥‖0

s.t. 𝑦 = 𝐴𝑥,
(3)

where 𝑥 is a coefficient vector. The above 𝑙0-norm minimiza-
tion problem is nonconvex and NP-hard. If the solution 𝑥
is sufficiently sparse, the 𝑙0 minimization problem in (3) is
equivalent to the 𝑙1 minimization problem in [24]

𝑥 = argmin ‖𝑥‖1

s.t. 𝑦 = 𝐴𝑥.
(4)

The 𝑙1 minimization problem has been broadly investi-
gated, and various algorithms can be used to solve it [25]. In
this study, the gradient projection for sparse reconstruction

(GPSR) is applied due to its relatively rapid computation
speed.

After the sparse coefficient vector 𝑥 is estimated, the
classification can be performed by

𝐼 (𝑦) = argmin
𝑖
𝑟𝑖 (𝑦) = argmin

𝑖

𝑦 − A𝛿𝑖 (𝑥)
2 . (5)

Here, 𝑟𝑖(𝑦) is the representation residual error corresponding
to class 𝑖. 𝛿𝑖(𝑥) is a vector whose nonzero elements are those
that are associated with class 𝑖.

In the context of fMRI-based brain state decoding, 𝑦 ∈
𝑅𝑁 is the fMRI volume at a time point of the testing data
and 𝑁 is the number of the spatial voxels. Each column in
the matrix𝐴 represents the fMRI volume of the training data
from one of the tasks (classes). The goal of classifier model is
to determine which class the test data 𝑦 belongs to.

3.2. Semisupervised SRC with an Average Coefficient
(semiSRC-AVE). For fMRI data, the hemodynamic re-
sponses have a delay of approximately 6 seconds to reach the
maximum value after a short-duration stimulus. In contrast
to the static face image, the fMRI volumes that respond to
the same task vary greatly across different time points. Those
variations may largely affect the performance of SRC in fMRI
data analyses.

If a test sample belongs to a specific class, it is gener-
ally positively correlated with the training samples in the
same class and should be better represented by the train-
ing samples from the class with larger positive coefficients
and smaller negative coefficients compared to those from
the other classes. Therefore, the average of all coefficients
associated with a specific class may be a useful index for
the classification. Moreover, the average sparse coefficient
was used as classification index in LSRNN classifier and
was demonstrated to be able to improve the performance
of classification in the previous study [20]. Based on the
previous study [20], this study also used the average of all
coefficients related to a class as the classification criterion
of SRC. For the SRC with an average coefficient (SRC-AVE)
method, test sample 𝑦 is assigned to an object class that has
the maximal average value of the corresponding coefficients.

𝐼 (𝑦) = argmax
𝑖
𝑆𝑖 (𝑦) = argmax

𝑖
ave (𝛿𝑖 (𝑥)) , (6)

where 𝑆𝑖(𝑦) is the mean of all coefficients from class 𝑖.
To solve the insufficiency of the training data, the unla-

beled testing data can be used to update the training data.
However, it is challenging for self-training learning to choose
reliable unlabeled samples and guarantee the accuracy of the
updated labels [26]. For SRC-AVE, the predication is usually
more reliable if the average coefficient of the predicated
class is much larger than that of the other classes. Based
on this criterion, we investigated a method to measure the
predication reliability of the testing sample. First, a distance
𝑑𝑚 for the𝑚th test sample 𝑦𝑚 is defined in

𝑑𝑚 = 𝑆𝐼 (𝑦𝑚) −
∑𝐾𝑗=1,𝑗 ̸=𝐼 𝑆𝑗 (𝑦𝑚)

𝐾 − 1
, (7)
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Input: training matrix 𝐴 ∈ 𝑅𝑁∗𝑀, training label 𝐿 ∈ 𝑅𝑀, test set 𝑌 =
[𝑦1, . . . , 𝑦𝑃] ∈ 𝑅

𝑁∗𝑃 (𝑃 is the number of test samples).
Output: identities of 𝑌
Method:
for 𝑚 = 1 to 𝑃
(1) Normalize the columns of 𝐴 to have unit 𝑙2-norm.
(2) Solve the 𝑙1-minimization problem:

𝑥 = argmin ‖𝑥‖1
s.t. 𝑦𝑚 = 𝐴𝑥

(3) Compute and output the identity of 𝑦𝑚:
𝐼 (𝑦𝑚) = argmax

𝑖
𝑆𝑖 (𝑦𝑚) = argmax

𝑖
ave (𝛿𝑖 (𝑥))

(4) Compute the distance of 𝑦𝑚:

𝑑𝑚 = 𝑆𝐼 (𝑦𝑚) −
∑𝐾𝑗=1,𝑗 ̸=𝐼 𝑆𝑗 (𝑦𝑚)

𝐾 − 1
(5) Compute the threshold of 𝑦𝑚:

threshold𝑚 = 𝛼
∑𝑚−1𝑖=1 𝑑𝑖
𝑚 − 1

, 𝑚 > 1

(6) if 𝑑𝑚 > threshold𝑚
𝐴 = [𝐴, 𝑦𝑚],
𝐿 = [𝐿, 𝐼]

end
end

Algorithm 1: semiSRC-AVE.

where 𝑆𝐼(𝑦𝑚) is the mean of the coefficients from predicted
class 𝐼 and 𝑆𝑗(𝑦𝑚) is the mean of the coefficients from the
other classes. 𝐾 is the total number of classes. The distance
𝑑𝑚 measures how far the average coefficient 𝑆𝐼(𝑦𝑚) of class
𝐼 is from the mean of 𝑆𝑗(𝑦𝑚) of the other 𝑘 − 1 classes.
If 𝑑𝑚 is large enough, the predicated class label should be
true with a high confidence. Thus, it is necessary to set a
threshold to determine 𝑑𝑚. Given the variability across the
testing samples, the threshold is set as themeanof distances𝑑𝑖
(𝑖 = 1 ⋅ ⋅ ⋅ 𝑚 − 1) of all the previous testing samples as follows:

threshold𝑚 = 𝛼
∑𝑚−1𝑖=1 𝑑𝑖
𝑚 − 1

, s.t. 𝑚 > 1, (8)

where 𝑚 corresponds to 𝑚th testing data. The threshold𝑚
is fully determined by the previous 𝑚 − 1 testing samples
and reflects the average difference between the predicted
class and the other unpredicted classes in the testing data.
The coefficient 𝛼 can be used to adjust the threshold level.
In general, coefficient 𝛼 can be set to 1 when the training
data and testing data are from the same classes. When the
training and testing data are not from the same classes,
coefficient 𝛼 can be set to less than 1 so that more testing
data can be used to update the training data. For the first
testing data, the training data cannot be updated by default.
If the distance 𝑑𝑚 of the 𝑚th testing sample is larger than
threshold𝑚, the predicated class label is considered reliable
and the 𝑚th testing sample 𝑦𝑚 is added to dictionary 𝐴 as a
new column. Dictionary 𝐴 and training label 𝐿 are replaced
with 𝐴 = [𝐴, 𝑦𝑚] and 𝐿 = [𝐿, 𝐼], respectively. Based on
the updating criterion, we propose the semisupervised SRC-
AVE (semiSRC-AVE) algorithm that combines self-training

and SRC-AVE. Algorithm 1 illustrates the semiSRC-AVE
procedure.

4. Experiments and Results

In this section, we evaluated the effectiveness and robust-
ness of semiSRC-AVE using simulated and real fMRI data.
Moreover, the performance of semiSRC-AVE was compared
to that of SRC-AVE and the other three self-training clas-
sifiers. The three classifiers were naı̈ve semiSRC-AVE that
updates the training data using näıve strategy, RSE-OLDC,
and RSE-OSRC-AVE that used the SRC-AVE to replace the
LDC of RSE-OLDC. The code of the GPSR algorithm was
downloaded from http://www.lx.it.pt/∼mtf/GPSR/, and the
codes of SRC, SRC-AVE, semiSRC-AVE, and RSE-OSRC-
AVE algorithms were written based on the core GPSR
algorithm. In this paper, all the computationswere performed
on a computer with AMD Phenom(tm) II X4 B97 processor,
CPU 3.20GHz, and RAM 8GB.

4.1. Simulated Experiments

4.1.1. Generation of Simulated Data. Two groups of datasets
were generated to investigate the performance of semiSRC-
AVE in this section. It was assumed that each group of
datasets included two runs and each run contained three
tasks.

The first group was generated by expressing the observa-
tions as the product of the time courses and super-Gaussian
sources using the MATLAB toolbox SimTB [27]. For each
run, we assumed that the simulated data from each subject
contained 27 spatial sources. Each source that had 50 × 50
voxels with a baseline intensity of 800 was independently
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Figure 1: Regions of interest that are engaged in the three tasks for the first group of simulated datasets (a), the first run of the second group
of datasets (b), and the second run of the second group of datasets (c).

translated, rotated, and contracted or expanded to simulate
the intersubject differences. Figure 1(a) presents the regions
of interest (ROI) that were activated by each task. The
red/purple/green regions were assumed to be activated by
tasks A/B/C, and the amplitude of each task block was set to
1.5 relative to the unique events whose amplitudes were 1.The
blue regions were assumed to be engaged in the three tasks
jointly with the amplitude of 2. There were twelve 40 s task
blocks that alternated with twelve 20 s rest blocks with a TR
of 2 s in each run, four blocks per task. The simulated fMRI
response of each task that was derived from the convolution
of the stimulus paradigm and the hemodynamic response
function (HRF) was added to the corresponding ROIs. The
simulated fMRI responses of the other task-unrelated sources
were derived from the convolution of the unique events and
HRF. Head motion was added with a translation of less than
2% of the entire image and a rotation less than 5 degrees. Each
of the 12 subjects had nine levels of contrast-to-noise ratios
(CNR) that varied from 0.08 to 0.16 with an increment of
0.01.Thus, the first group of simulated datasets contained 108
(12×9) datasets.The order of the task blocks was randomized
across the nine noise levels. At each noise level, the simulated
datasets of 12 subjects had the same order of task blocks.

The second group of datasets was used to investigate the
performance of semiSRC-AVE for cross-decoding that tested
generalization to novel stimuli or tasks. In cross-decoding, a
decoder is trained with one set of stimuli and then tested with
another, or the task eliciting the response patterns is changed
[28]. For the second group, it was assumed that the tasks in
the training runs were different from the tasks in the testing
runs and the regions activated by the tasks in the training runs
were not the same as those in the testing runs. The second
group of simulated datasets was generated in the same way as
the first group, except that the activated ROIs were different.
Figures 1(b) and 1(c) present the ROIs that were activated by
the three tasks in the first run and second run, respectively.

4.1.2. Feature Selection. Each subject’s first run was used as
the training samples, and the second run was used as the
testing samples for all the simulated datasets. The correlation
between the time course of each voxel and the reference
function was calculated. The reference function was derived
from the convolution of the paradigm of the three tasks
and HRF. The top 1000 voxels with the highest correlations
were selected as features. The testing data in the second run
used the same features as the training data. As a pragmatic
approach, we fixed the number of voxels rather than the level
of the correlations thatmay fluctuate across different datasets.
The time course of each voxel and the spatial pattern of each
time point were then normalized to a zero mean and unit
variance.

4.1.3. Comparison of SRC and SRC-AVE. The first group of
datasets was used to compare the performances of SRC and
SRC-AVE. Three-class classifiers of SRC and SRC-AVE were
trained from the training data (the first run) and applied to
the testing data (the second run). For each subject in each
group, the accuracy was calculated at each noise level using
the ratio between the number of testing samples that were
correctly classified and the total number of testing samples.
Themean accuracy of each classifier across the 12 subjects was
obtained at each noise level for each group of datasets.

4.1.4. Comparison of the Semisupervised Learning Methods.
Both the first and second groups of datasets were used to
investigate the performances of semiSRC-AVE in the case of
different noise levels and cross-decoding. Because the advan-
tage of SRC-AVE over SRC in fMRI-based decoding was
demonstrated in the above section, only SRC-AVE was used
to be compared with the semisupervised learning method
in the following simulated and real fMRI experiments. Two-
class (tasks A and B) and three-class SRC-AVE, semiSRC-
AVE, naı̈ve semiSRC-AVE, RSE-OLDC, andRSE-OSRC-AVE
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Figure 2: The mean classification accuracies of SRC and SRC-AVE
at various CNR levels.

classifiers were trained from the training data (the first run)
and applied to the testing data (the second run). The mean
accuracy of each classifier across the 12 subjects was obtained
at each noise level for each group of datasets. To examine
the difference of the classification accuracies between the
proposed semiSRC-AVE and the other four methods, the
nonparametricWilcoxon signed rank tests for paired samples
were performed. Moreover, the computation time of each
three-class classification for the first group of dataset was
recorded to compare the time efficiency of all the five
methods. The mean time across 12 subjects of all noise levels
was calculated.

4.1.5. Determination of Parameter 𝛼 in SemiSRC-AVE. Pa-
rameter 𝛼 was set to 1 in the first group of datasets because
the training and testing data were from the same tasks. For
the second group of datasets that used different tasks in the
training and testing data, the optimal value of parameter
𝛼 was determined using the simulated datasets. The three-
class semiSRC-AVE classifiers with different 𝛼 values were
trained using each subject’s training data in the second group.
Parameter 𝛼 was varied from 0.5 to 1 with an increment of
0.1. For each 𝛼, the mean accuracy across all subjects was
obtained for each noise level, and then the mean accuracy
across all noise levels was obtained. The 𝛼 value with the
highest accuracy was selected as the optimal value for the
datasets with different training and testing tasks.

4.2. Results of Simulated Experiments

4.2.1. Comparison of SRC and SRC-AVE. Figure 2 shows the
mean accuracies of SRC-AVE method compared with those
of the conventional SRC at all the CNR levels. The mean
accuracies of the two methods increased as the CNR levels
increased (see Figure 2). The classification accuracies of SRC
are much lower than those of SRC-AVE at all the noise levels.

4.2.2. Comparison of the Semisupervised Learning Methods.
Figures 3(a)-3(b) show the mean accuracy of SRC-AVE and

the four semisupervised methods at different CNR levels
for the first group of simulated datasets. For the three-class
classification, RSE-OLDC showed the worst performance,
and semiSRC-AVE showed the best performance at all noise
levels (see Figure 3(a)). SemiSRC-AVE showed significantly
higher accuracy than SRC-AVE, RSE-OSRC-AVE, and RSE-
OLDC at most noise levels and significantly higher accuracy
than naı̈ve semiSRC-AVE at the middle noise levels. For
the two-class classification, the accuracy of RSE-OLDC was
the lowest, while the performances of semiSRC-AVE, RSE-
OSRC-AVE, and naı̈ve semiSRC-AVE showed slight differ-
ences. The accuracies of SRC-AVE were lower than those of
semiSRC-AVE, RSE-OSRC-AVE, and naı̈ve semiSRC-AVE at
most noise levels (see Figure 3(b)).

Figures 3(c)-3(d) show the performances of the five
classifiers for cross-decoding the second group of simu-
lated datasets with different training and testing tasks. For
the three-class classification, semiSRC-AVE produced the
highest accuracy while RSE-OLDC produced the lowest
accuracy among the fivemethods (see Figure 3(c)). SemiSRC-
AVE showed significantly higher accuracy than SRC-AVE,
RSE-OSRC-AVE, and RSE-OLDC at most noise levels and
significantly higher accuracy than naı̈ve semiSRC-AVE at
the middle noise levels. For the two-class classification,
the performance of RSE-OLDC remained the worst, while
the performances of semiSRC-AVE, RSE-OSRC-AVE, and
naı̈ve semiSRC-AVE only showed slight differences (see
Figure 3(d)). The semiSRC-AVE significantly outperformed
supervised-learning SRC-AVE at most noise levels. In con-
trast to the datasets with the same training and testing tasks,
the accuracy of SRC-AVE was reduced to a larger extent than
that of semiSRC-AVE for cross-decoding the datasets with
different training and testing tasks (see Figure 3).

4.2.3. Determination of Parameter 𝛼 in SemiSRC-AVE. For
cross-decoding the dataset with different training and testing
tasks, the mean accuracies of semiSRC-AVE using six dif-
ferent 𝛼 values are presented in Figure 3(e). It can be seen
that the mean accuracy was the highest when parameter 𝛼
was set to 0.7. Therefore, 0.7 was used as the optimal value of
parameter 𝛼 in cross-decoding the simulated and real fMRI
datasets with different training and testing tasks.

4.2.4. Time Efficiency Analysis. Table 1 lists the computation
time of the five three-class classifiers for the first group
of simulated datasets. The computation time of semiSRC-
AVE was close to that of supervised-learning classifier SRC-
AVE. RSE-OSRC-AVE, and RSE-OLDC took much more
computation time than SRC-AVE, semiSRC-AVE, and naı̈ve
semiSRC-AVE.

4.3. Real fMRI Experiment. The real fMRI data used in this
study were the same as those used in our previous study [29].
For readability, the main points are repeated here.

4.3.1. Datasets. Fourteen right-handed college students (age:
22.2 ± 1.9 years, eight females) participated in this study.
The fMRI data were acquired using a 3-T Siemens scanner
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Table 1: Mean computation time of the five three-class classifiers for the simulated datasets.

SRC-AVE SemiSRC-AVE RSE-OSRC-AVE Naı̈ve semiSRC-AVE RSE-OLDC
Time (second) 3.55 5.83 46.70 5.88 30.87
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Figure 3: Mean accuracies of SRC-AVE, semiSRC-AVE, näıve semiSRC-AVE, RSE-OLDC, and RSE-OSRC-AVE classifiers. (a) Three-class
performances of the simulated datasets with the same training and testing tasks. (b) Two-class performances of the simulated datasets with
the same training and testing tasks. (c) Three-class performances of the simulated datasets with different training and testing tasks. (d) Two-
class performances of the simulated datasets with different training and testing tasks. (e) Determination of parameter 𝛼 in semiSRC-AVE.
The asterisk ∗ represents 𝑝 < 0.05. The color of asterisk indicates the comparison between semiSRC-AVE and the method having the same
color as the asterisk in each panel.
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equipped for echo planar imaging (EPI) at the Brain Imaging
Center of Beijing Normal University (TR = 2000ms; TE =
30ms; 32 slices; voxel size = 3.125 × 3.125 × 3.84mm; flip
angle (FA) = 90; FOV = 190 × 200 cm). In addition, a high-
resolution, three-dimensional T1-weighted structural image
was acquired (TR = 2530ms; TE = 3.39ms; 128 slices; FA = 7;
resolution = 1 × 1 × 1.33mm).

The experiment was conducted in a block design and
consisted of eight runs. Each run included four 24 s task
blocks that were alternatedwith five 12 s resting blocks. Visual
stimuli belonging to four categories (i.e., house, face, car, and
cat) corresponded to the four tasks in each run and were
separately displayed for 500ms, followed by a 1500ms blank
screen.

The data preprocessing was performed using Statistical
Parametric Mapping (SPM8) (http://www.fil.ion.ucl.ac.uk/
spm/software/spm8/). For each subject, the first three vol-
umes of each run were removed due to the instability of the
initial scanning of each run. The functional images of each
subject were realigned to correct for head motion, spatially
normalized into the standardMontreal Neurological Institute
(MNI) template space, resliced into 3 ∗ 3 ∗ 4mm3 voxels,
and spatially smoothed using an 8mm full-width-at-half-
maximum (FWHM) Gaussian kernel.

4.3.2. Comparison of Classifiers

(a) Datasets with the Same Training and Testing Tasks. A
generalized linear model (GLM) was applied to each subject’s
training data to estimate the brain regions that were activated
by each task using SPM8. The significance level was set as
𝑝 < 0.001 and was uncorrected. A brain mask that included
the fusiform gyrus, inferior temporal gyrus, inferior occipital
gyrus, and middle occipital gyrus was generated using the
WFU Pickatlas toolbox (http://www.fmri.wfubmc.edu). The
union of the voxels that were activated by each task within the
mask was selected as features. The testing data used the same
features as the training data. For each dataset, the linear drift
was removed using the spm detrend function in SPM8. The
time series of each feature and the spatial pattern of each scan
were normalized to a zero mean and unit variance.

For each subject, a twofold cross validation was per-
formed. In the first fold, the first four runs were used as
the training runs, and the last four runs were used as the
testing runs, and vice versa in the second fold. Four-class,
three-class, and two-class classifiers of SRC-AVE, semiSRC-
AVE, naı̈ve semiSRC-AVE, RSE-OLDC, andRSE-OSRC-AVE
were trained from each subject’s training data separately.
Each classifier was applied to each test volume to determine
the task state. The mean accuracy across the 14 participants
in the twofold was obtained for each classifier. To examine
the difference in the classification accuracies between any
two methods, the nonparametric Wilcoxon signed rank tests
for paired samples were performed. For each method, the
computation time of the four-class classificationwas recorded
and the mean time across the 14 subjects was calculated.

(b) Cross-Decoding Datasets with Different Training and
Testing Tasks. To further explore the performance of

semiSRC-AVE for cross-decoding, we regenerated the train-
ing and testing datasets. It should be noted that cat and
human face are animate objects with sense organs while
house and car are inanimate objects. Therefore, the volumes
of the house and cat tasks in eight runs consisted of the
training datasets, and the volumes of the car and face tasks in
eight runs consisted of the testing datasets for each subject.
The GLM was applied to the training data, and any voxels
that were activated by at least one of the two tasks (i.e., house
and cat) within themask were selected as features. After SRC-
AVE, semiSRC-AVE, naı̈ve semiSRC-AVE, RSE-OLDC, and
RSE-OSRC-AVE classifiers were trained from the training
samples, they were applied to the testing volumes to predict
their task states (car versus face). The mean accuracy of
each classifier across the 14 subjects was obtained. Moreover,
we also performed classification by using the volumes of
the car and face tasks as the training data and the volumes
of the house and cat tasks as the testing data. The feature
selection and classifications were performed in the same
way as described above.The nonparametricWilcoxon signed
rank tests for paired samples were performed to examine the
differences between any two methods.

4.4. Results of Real fMRI Experiment

4.4.1. Comparison of Classifiers

(a) Datasets with the Same Training and Testing Tasks. Figures
4(a)–4(c) display the mean accuracies of the one four-class,
four three-class, and six two-class classifications of SRC-AVE
and the four semisupervised learning methods. SemiSRC-
AVE showed the highest accuracy in most cases, and RSE-
OLDC showed the lowest accuracy in all cases among the five
methods. In contrast to SRC-AVE, semiSRC-AVE produced a
significantly higher accuracy for the four-class classification,
three three-class classifications, and one two-class classifi-
cation. No significant differences were found between the
performances of näıve semiSRC-AVE/RSE-OSRC-AVE and
SRC-AVE for all classifications. Moreover, the accuracy of
semiSRC-AVE was significantly higher than that of RSE-
OSRC-AVE for house versus car versus cat, face versus cat
versus car, and house versus face and significantly higher than
that of näıve semiSRC-AVE for house versus car versus cat
and face versus cat versus car.

(b) Cross-Decoding Datasets with Different Training and
Testing Tasks. Figures 4(d)-4(e) show the results of the two-
class classifications of SRC-AVE and the four semisupervised
learning methods for cross-decoding datasets with differ-
ent training and testing tasks. When the volumes of the
house and cat tasks were used as the training data, the
three semisupervised learning methods, including semiSRC-
AVE, naı̈ve semiSRC-AVE, and RSE-OSRC-AVE, produced
significantly higher accuracies compared to that of SRC-
AVE (see Figure 4(d)). The accuracy of RSE-OLDC was
significantly lower than those of the other four methods.
When the volumes of the car and face tasks were used as the
training data, semiSRC-AVE and RSE-OSRC-AVE showed a
significantly higher performance than that of SRC-AVE, and

http://www.fil.ion.ucl.ac.uk/spm/software/spm8/
http://www.fil.ion.ucl.ac.uk/spm/software/spm8/
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Figure 4:Mean accuracies of real fMRI data with same (a–c) and different (d-e) training and testing tasks using the SRC-AVE, semiSRC-AVE,
näıve semiSRC-AVE, RSE-OLDC, and RSE-OSRC-AVE classifiers. (a) Two-class classifications. (b) Three-class classifications. (c) Four-class
classifications. (d) Training data consisting of house and cat tasks. (e) Training data consisting of face and car tasks.The symbols “∗∗” represent
𝑝 < 0.05 and the symbol “∗” represents 𝑝 < 0.1.
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Table 2: Computation time of five classifiers for real fMRI datasets.

SRC-AVE SemiSRC-AVE RSE-OSRC-AVE Naı̈ve semiSRC-AVE RSE-OLDC
Time (second) 2.30 2.71 17.57 3.26 7.90

RSE-OLDC showed a significantly worse performance than
those of the other four methods (see Figure 4(e)).

4.4.2. Time Efficiency Analysis. Table 2 presents the mean
computation time of the five four-class classifiers for the real
fMRI datasets. The computation time of semiSRC-AVE was
close to that of SRC-AVE and was less than that of RSE-
OSRC-AVE and RSE-OLDC.

5. Discussion

The present study proposed the semisupervised learning
semiSRC-AVEmethod to improve the decoding performance
of SRC. Our major findings are as follows: (1) the semiSRC-
AVE method can significantly improve the performance
of SRC-AVE, particularly for cross-decoding; and (2) in
contrast to RSE-OSRC-AVE, naı̈ve semiSRC-AVE, and RSE-
OLDC, semiSRC-AVE method shows better performance
for multiclass classification and comparable performance for
two-class classification.

SRC exhibited state-of-the-art classification perform-
ances in previous studies of image classification and recog-
nition [3]. However, in this study, SRC produced a very
low classification accuracy when it was applied to the fMRI
data. There are two possibilities that may result in the low
performance of SRC for fMRI-based decoding. One possi-
bility is the complicated and high noises in the fMRI data.
Generally, fMRI data contain various noises, such as thermal
noise, system noise, motion and physiological noise, non-
task-related neural variability, and behavioral and cognitive
variability [29]. Signals in fMRI data are much weaker than
noises. Moreover, behavioral and cognitive variability may
lead to changes in arousal and attention over time. Evoked
brain activity may change in each trial, even in the same
types of trials. Another possibility may be attributed to
the hemodynamic response. After the stimulus onset, the
hemodynamic response exhibits an initial dip, rises to a peak
value after approximately 6 seconds, and then falls to the
baseline level [29]. There is a delay between the peak and the
stimulus onset, indicating that the initial volumes of each task
blockmay show very different brain activity patterns than the
volumes in the middle of the blocks, although the volumes in
the same task blocks respond to the same type of stimulus.
Both the noises and hemodynamic responses can result in
large variabilities in the brain activity that is evoked by each
trial. For the sparse representation model, testing sample 𝑦 is
assumed to be linearly represented by the training samples of
the same class. Because of the high variability in the training
and testing samples of the same class in fMRI data, the testing
samples cannot be well represented by the training samples
and coefficient vector 𝑥may not be very sparse. Accordingly,
SRC does not perform well in decoding brain states from
fMRI data.

The results of the simulated data showed that SRC-AVE
had a much better performance than SRC. It should be noted
that the test samples are generally represented by the training
samples from the same class with larger positive coefficients
and smaller negative coefficients than the training samples
from the other classes. Thus, the average of all positive and
negative coefficients can be used as a criterion to determine
the testing samples, which is consistent with the previous
study that demonstrated that class-specific average sparse
coefficients were useful to improve the performance of clas-
sification [20]. Moreover, our results further indicated that
the average coefficient worked better than the reconstruction
error for SRC in fMRI-based decoding.

Both the simulated and real fMRI datasets indicated
that the proposed semiSRC-AVE effectively improved the
performance of SRC-AVE, particularly for the multiclass
classifications. SRC-AVE method used fixed training dataset
while semiSRC-AVEgradually updated training dataset using
the new testing samples with high confidence. The perfor-
mance of SRC-AVE was easily affected by the insufficient
labeled training samples because limited training dataset
tended to increase the generalization error of classifiers. In
contrast, the performance of semiSRC-AVE was improved
due to gradually enlarged training dataset. Meanwhile, the
distance between the predicted class and the other classes
was calculated to measure the confidence of the predicated
label of each test sample for semiSRC-AVE. The threshold
of the confidence was determined by the previous testing
samples rather than a fixed value. Because the threshold was
adaptive to the changes of the testing samples, it was helpful
to the selection of the testing samples with high confidence.
The results indicated that the selected testing samples using
the proposed strategy were reliable and contributed to the
improvement of semiSRC-AVE.

For cross-decoding, compared to SRC-AVE, the advan-
tages of semiSRC-AVE were more prominent. Because the
training and testing samples were not entirely from the same
distribution, the testing samples cannot be well represented
by the training data, whichmay greatly affect the performance
of SRC-AVE. For semiSRC-AVE, the training dataset was
updated by the testing data. The dictionary that was adaptive
to the testing data represented the testing samples better
than the fixed dictionary. Accordingly, semiSRC-AVEworked
much better than SRC-AVE when the training and testing
tasks were different. In contrast to SRC-AVE, semiSRC-AVE
showed better generalization to novel stimuli or tasks.

Among the four semisupervised learning methods, RSE-
OLDC showed the worst performance and semiSRC-AVE
showed the best performance in both the simulated and
real fMRI experiment.The worst performance of RSE-OLDC
may be attributed to the worse performance of LDC than
SRC-AVE. In contrast to the näıve semiSRC-AVE and RSE-
OSRC-AVE, the semiSRC-AVE showed better performance
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for multiclass classification and comparable performance
for the two-class classification. In contrast to multiclass
classification, two-class classification generally has higher
prediction accuracy and produces more reliable predicated
labels of the testing samples. Therefore, the confidence
determination for the testing samples may have a minor
effect on the two-class classification of the semisupervised
learning methods, which possibly resulted in the comparable
performance of the naı̈ve semiSRC-AVE and semiSRC-AVE
in the two-class classification. In contrast, the confidence
determination of semiSRC-AVE played an important role in
selecting reliable testing samples to update the dictionary
in the multiclass classification. Thus, semiSRC-AVE outper-
formed näıve SRC in the three-class classification. Moreover,
the results also indicated that the confidence determination
strategy of semiSRC-AVEwas simpler,more time-saving, and
more efficient compared to the random subspace ensemble
strategy of RSE-OSRC-AVE.

It should be noted that there is a balance between the
update accuracy and the number of updated samples. If the
threshold of the confidence determination is increased to
improve the update accuracy, the number of updated samples
will be reduced and vice versa. The small number of updated
samples may only have a slight impact on the classifiers. It
is critical to maintain a balance between the accuracy and
the proportion of updates for semisupervised learning. We
set parameter 𝛼 to adjust the threshold for different types of
datasets. Our simulated and real fMRI datasets indicated that
a threshold with 𝛼 = 1 worked well for datasets with the
same training and testing classes. For certain specific datasets,
properly adjusting parameter 𝛼 may achieve better results.
For cross-decoding, the amount of updated samples becomes
more important due to the lack of test-like samples in training
dataset. Therefore, parameter 𝛼 was set to 0.7, which was
demonstrated to be the optimal value by cross-decoding the
simulated data with different training and testing tasks in
the study. The lowered parameter 𝛼 allowed more testing
data to update the training data. Both our simulated and
real fMRI experiments indicated that the optimal value
0.7 was good for data with different training and testing
classes.

6. Conclusion

In this study, we demonstrated the robustness and feasibility
of the semisupervised learning semiSRC-AVE using both
simulated and real fMRI data. The results indicated that
semiSRC-AVE showed significantly better performance than
SRC-AVE. In addition, semiSRC-AVE performed better than
naı̈ve semiSRC-AVE, RSE-OSRC-AVE, and RSE-OLDC for
multiclass classifications. For the two-class classification,
semiSRC-AVE did not show prominent advantages over the
other three semisupervised learning methods. Therefore, it
is essential to further investigate the optimal update strategy
that is suitable to the two-class classification in the future
studies. Moreover, the proposed update strategy in this study
can be easily extended to the other supervised-learning
classifiers.
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Most EEG phase synchrony measures are of bivariate nature. Those that are multivariate focus on producing global indices of
the synchronization state of the system. Thus, better descriptions of spatial and temporal local interactions are still in demand.
A framework for characterization of phase synchrony relationships between multivariate neural time series is presented, applied
either in a single epoch or over an intertrial assessment, relying on a proposed clustering algorithm, termedMultivariate Time Series
Clustering byPhase Synchrony,which generates fuzzy clusters for eachmultivalued time sample and thereuponobtains hard clusters
according to a circular variance threshold; such cluster modes are then depicted in Time-Frequency-Topography representations
of synchrony state beyond mere global indices. EEG signals from P300 Speller sessions of four subjects were analyzed, obtaining
useful insights of synchrony patterns related to the ERP and even revealing steady-state artifacts at 7.6Hz. Further, contrast maps
of Levenshtein Distance highlight synchrony differences between ERP and no-ERP epochs, mainly at delta and theta bands. The
framework, which is not limited to one synchrony measure, allows observing dynamics of phase changes and interactions among
channels and can be applied to analyze other cognitive states rather than ERP versus no ERP.

1. Introduction

There is a growing interest among the neuroscientific com-
munity to unravel the intricate neural mechanisms involved
in the broad integration of different brain structures, which
enable the emergence of cognitive processes. Several studies
conducted with electroencephalography (EEG) and magne-
toencephalography (MEG) have provided evidence that sup-
ports the idea of neural synchronization intrinsic to mental
tasks, with the fluctuating disposition of communication
channels in the nervous system, especially between active
regions in the brain [1–5].

In this regard, phase locking analysis of neural oscillations
and other different measures of synchronization has gained
attention, as several methods have been developed to provide
a quantitative view of synchronism in brain sources and their
behavior, estimating phase synchrony (PS) from different

perspectives, depending on the purpose of the study in
question [6]. This same variety of methods and proposals
causes lack of agreement in the terminology used to refer to
all thesemeasures. Roach andMathalon have provided awide
review attempting to clarify this situation [7]. Thus, for the
sake of following a standard of terms, descriptions of any PS
measure will follow the referred publication.

In order to perform PS analysis, instantaneous phase
information of EEG signals must be extracted. Most methods
are based on wavelet analysis [6–10]. Another common tech-
nique besides wavelets for extracting instantaneous phase
values from the analytical signal is the Hilbert transform.
Analytic phase from wavelets or Hilbert transform has been
shown to give almost same results as Short Time Fourier
Transform adjusting the filter settings adequately [11, 12].
There are also other Time-Frequency (TF) decompositions
used for obtaining phase information, such as Rihaczek
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distribution, Empirical Mode Decomposition, sinusoidal
quadrature filters, and Matching Pursuit [13–16].

In general, for the study of PS, it can be said that there
are twomain approaches: phase locking and phase coherence.
The former refers to the event-related phase locking across
trials regarding an event’s onset over one electrode, that
is, the Phase Locking Factor (PLF). If instantaneous phase
angles between trials are closer to a uniform distribution
over the unit circle, the PLF is close to zero; otherwise, it
is close to one if instantaneous phase angles between trials
are highly synchronized in the same direction over the unit
circle.The latter approach, phase coherence, also called Phase
Locking Value (PLV), or within the context, the event-related
phase coherence across trials, evaluates consistency of phase
differences between 2 electrodes across trials, also with values
between 0 and 1. As the reader already noticed, each measure
determines different types of PS; therefore, bothmeasures can
be complementary to each other [7].

Other types of measures, such as linear coherence or
magnitude squared coherence, are not suitable to analyze PS;
unlike PLF and PLV, both measures yield results weighted by
magnitude, and the interpretation of these becomes unclear,
since phase synchronization patterns and amplitude changes
are not necessarily related to the same neural process [6–8];
Rosenblumdemonstrated that PS of chaotic oscillators is pos-
sible, where bounded phase differences exist and variations
of amplitude are chaotic and uncorrelated [17]. The Phase
Cross-Coherence (PCC) eliminates amplitude information
and produces a function of phase differences averaged across
trials [6].

All PS measures mentioned above focus on the eval-
uation of intertrial phase consistency over an individual
EEG channel or phase differences between signals from two
recoding sites, that is, providing only univariate or bivariate
approaches. Nevertheless, the complete scenario involves
a multichannel recording; thus a bivariate approach may
not capture relevant information of all the dynamics and
interactions of the full system [18, 19]. Thereupon, existing
methods of multivariate synchronization analysis comprise
even other metrics besides PS, based on different types of
correlation measures. Correlation between probabilities of
recurrence is used to measure PS, clearly distinguishing
preseizure and seizure states of epileptic EEG [20, 21]. Based
on Random-Matrix Theory (RMT), Osorio and Lai compute
the average phase synchronization times (APSTs) among
pairs of channels in order to construct a matrix, from which
they use both the determinant and the eigenvalue spectra
for assessing synchronization [22]. Li et al. presented another
method based on RMT, using equal-time correlation instead
of PS, and then the eigenvalue decomposition is used to
calculate a global synchronization index that increases during
epileptic seizures [23]. Mutlu et al. extend the concept of
phase differences between two signals, mapping these dif-
ferences onto an 𝑁-dimensional hyperspherical coordinate
system; however, the authors later reported that Hyper-
spherical Phase Synchrony (HPS) is dependent on how the
phase differences are sorted, which is corrected with another
hyperdimensional coordinate system [19, 24]. Alba et al.
proposed a visualization system with multitoposcopic graphs

and Time-Frequency-Topography (TFT)maps for synchrony
patterns, indicating increase, decrease, or an equal level of
synchronization between pairs of electrodes with respect to
a previous state, using different PS bivariate measures [15].

Some other approaches aim to improve the resolution
of the TF decomposition used for extracting phase infor-
mation. Aviyente and colleagues used a reduced interfer-
ence distribution-Rihaczek (RID-Rihaczek) for computing
PLV [25]. Subsequently, the authors extend their method
to quantify all possible pairwise comparisons and analyze
those interactions between electrodes through a graph clus-
tering algorithm, which allows overlapping clusters, and
each electrode has a “participation score” that reflects their
significance in the formation of a cluster [26]. Previous
works also conceive the idea of clustering with degrees of
membership. Allefeld and Kurths addressed the multivariate
synchronization as a mean-field cluster of oscillators that
participate in different degrees, that is, how close an oscillator
phase is close to a reference phase, which is determined by
the circular mean of all oscillator phases [27]. Nevertheless,
the single cluster assumption dismisses other possible cluster
formations. Later, the authors made a generalization of the
cluster analysis to correct this issue based on eigenvalue
decomposition of a matrix containing indices of bivariate
synchronization strength, associating each eigenvalue greater
than one to a cluster [28]; however, the one-to-one corre-
spondence between dominant eigenvectors and clusters is not
always fulfilled [29].

Summarizing, multivariate methods help in perceiving
overall synchronization patterns, providing a global index
instead of matrices of bivariate comparisons [19]. Since many
of these investigations focus on epilepsy studies, it makes
sense to provide a general assessment of the synchronization
state of the system with a crisp numerical value in order
to distinguish seizure and preseizure conditions. Rather
than a global index and aiming to characterize a broader
variety of cognitive states, such as mental tasks for Brain-
Computer Interface (BCI), the framework proposed in this
article points to observing the dynamics of phase changes
along multivariate neural time series over the TF plane and
projecting their interactions in TFT maps.

The proposed clustering algorithm, Multivariate Time
Series Clustering by Phase Synchrony (mCPS), establishes
local relations by means of clusters of highly synchronized
signals in each sample time, allowing exploring these phase
associations through all samples searching for patterns of
cluster formations. Additionally, our proposal also addresses
an across-trials perspective. Thus, it can be said that the PS
measure used in this work is more related to PLF (circular
variance) rather than to phase coherence (consistency of
phase differences), applied channel-wise. Haig et al. proposed
a similar conception of PS, which lacks an automatized
selection of synchronized signals via clustering [30].

Beyond yielding a PS measurement and a TFT portrayal,
the framework also provides contrast maps of Levenshtein
Distance (LD) as a metric for visual analysis and comparison
of differences in PS patterns between different conditions (in
this case, ERP and no-ERP epochs), as well as TF images of
channels, highlighting which clusters of PS can be related



Computational Intelligence and Neuroscience 3

to the changes of power due to the ERP. While some of
the methods mentioned before use clustering analysis, like
[26], most of them are fuzzy clusters in short time windows
and without topographic representation. The way mCPS
is conceived requires hard clustering, as it will be further
detailed.

2. Materials and Methods

2.1. Simulated EEG and Experimental Data. Several exper-
iments were carried out with both synthetic and real EEG
signals (sEEG and rEEG, resp.) in order to determine the
extent to which our framework is capable of retrieving
reliable and useful information (presented as clusters of
electrodes) that allows establishing relationships between
highly synchronized EEG channels and the brain activity of
interest through time samples and over different bandwidths.
The sEEG was built based on a linear mixing model of 𝑁𝑠
independent sources 𝑆 = (𝑠1, 𝑠2, . . . , 𝑠𝑁𝑠)𝑇, with a sampling
frequency of 256Hz, resulting in 𝑁ch observed signals 𝐶 =(𝑐1, 𝑐2, . . . , 𝑐𝑁ch)𝑇. Contributions of every 𝑠𝑖 (𝑖 = 1, 2, . . . , 𝑁𝑠)
through the 𝑁 discrete-time samples (𝑛 = 1, 2, 3, . . . , 𝑁) are
weighted by the 𝑁ch × 𝑁𝑠 matrix 𝑊, which is determined
by the inverse-square law of distances between 𝐶 and 𝑆
locations:

𝐶 = 𝑊𝑆;
[[[[
[

𝑐1,𝑛
...

𝑐𝑁ch ,𝑛

]]]]
]
= [[[[
[

𝑤1,1 ⋅ ⋅ ⋅ 𝑤1,𝑁𝑠... d
...

𝑤𝑁ch ,1 ⋅ ⋅ ⋅ 𝑤𝑁ch ,𝑁𝑠

]]]]
]

[[[[
[

𝑠1,𝑛
...

𝑠𝑁𝑠 ,𝑛

]]]]
]
. (1)

Spatial location of each electrode 𝑐𝑗 (𝑗 = 1, 2, . . . , 𝑁ch)
corresponds to the basic 10–20 international system [32] over
a unit sphere. The volume conduction of the EEG model
was assumed to be homogeneous and isotropic.The complete
sEEG record is constructed with 30 epochs of 3 seconds,
each of them containing a simulated Visual Evoked Potential
(VEP) centered at 1.5 s from the epoch onset (peak amplitude
at 1500ms and constant across trials). Equation (2) describes
the construction of the VEP:

VEP = 1
√2𝜋𝑒

−((𝑛−𝜇)/𝜎2)2 sin(2𝜋𝑓𝑛𝑁 𝛾) , (2)

where 𝑓 = 10Hz, 𝜇 = 0.5𝑁, 𝜎2 = 0.125𝑁, 𝛾 = (𝑁 − 0.5𝑛)/𝑁,
and 𝑛 = 1, 2, 3, . . . , 𝑁. Besides the VEP, sources 𝑆 comprise
three different types of noise components: (a) harmonics,
which vary in amplitude, frequency of the sinusoidal oscilla-
tions, and initial phase and (b)whiteGaussian and (c) colored
Gaussian 𝑐𝑔𝑛noise. Localization (𝑥, 𝑦, 𝑧) of 𝑆within the brain
area of the model can be either a fixed position or a linear
displacement or with rotational motion.

In order to assess the framework with rEEG, four subjects
(S2, S5, S6, and S7) were selected from a record of P300
evoked potentials [33] using the P300 Speller proposed by
Farwell and Donchin [34] (available at http://bnci-horizon-
2020.eu/database/data-sets). The subjects were patients with

amyotrophic lateral sclerosis and were naive to BCI training.
The authors recorded eight EEG signals according to 10-10
standard (Fz, Cz, Pz, Oz, P3, P4, PO7, and PO8) using active
electrodes, referenced to the right earlobe and grounded to
the leftmastoid. EEG signal was digitized at 256Hz and band-
pass-filtered between 0.1 and 30Hz. Subjects were required
to spell seven predefined words of five characters each by
controlling the P300 matrix speller. It should be mentioned
that no extra preprocessing was performed over the data.The
first three runs (15 trials in total) are described as “calibration
runs” and runs 4–7 are the “testing runs” where participants
were provided with feedback.

2.2. Clustering EEG Channels according to Circular Variance

2.2.1. Extraction of Phase Information. Given𝑁ch (for sEEG,𝑁ch = 19 and, for rEEG, 𝑁ch = 8) signals, a TF decompo-
sition is performed over the continuous EEGwith predefined
bandwidths at center frequencies:

𝑓𝑘 = 𝑒ln(𝑓min)+((ln(𝑓max)−ln(𝑓min))/𝐾)𝑘; 𝑘 = 1, 2, 3, . . . , 𝐾, (3)

where𝑓min = 1,𝑓max = 12Hz, and𝐾 = 12 for both sEEG and
rEEG. Such decomposition is carried out with a Continuous
Wavelet Transform (CWT) at peak frequencies 𝑓𝑘 from (3)
with complex Morlet wavelets:

Ψ (𝑛, 𝑓𝑘) = 𝑒𝑖2𝜋𝑓𝑘𝑡𝑒−𝑛2/2𝜍2 ; 𝑛 = 1, 2, 3, . . . , 𝑁, (4)

where 𝜍 = /2𝜋𝑓𝑘 is the standard deviation of the Gaussian
function used to make each Ψ and  is the number of
wavelet cycles (in this case,  = 4). Then, the instantaneous
phase is obtained from (5), using implementation of the four-
quadrant inverse tangent:

𝜃𝑗 (𝑛, 𝑓𝑘) = arctan( imag (Ψ)real (Ψ) ) ; 𝑗 = 1, 2, . . . , 𝑁ch. (5)

2.2.2. Multivariate Time Series Clustering by Phase Synchrony
(mCPS). Algorithm 1 explains how mCPS works, which is
based on directional statistics to measure the degree of phase
locking and formation of clusters. The circular spread in
angular data can be computed with the magnitude of the so-
called mean resultant vector 𝑅 [35]. Directional data (in this
case, 𝜃𝑗(𝑛, 𝑓𝑘) of the 𝑁ch signals) can be observed as points𝑥𝑗 = (cos 𝜃𝑗, sin 𝜃𝑗) over the unit circle. Then, the Cartesian
coordinates of the center of mass can be expressed as (𝐴, 𝐵),
where

𝐴 = 1
𝑁ch

𝑁ch∑
𝑗=1

cos 𝜃𝑗;

𝐵 = 1
𝑁ch

𝑁ch∑
𝑗=1

sin 𝜃𝑗.
(6)

Therefore, 𝑅 = √𝐴2 + 𝐵2. Magnitude of 𝑅 is close to 1
whenEEG channels are highly phase-locked; it is close to zero
otherwise. Porta-Garcia et al. presented an example using

http://bnci-horizon-2020.eu/database/data-sets
http://bnci-horizon-2020.eu/database/data-sets
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⊳ 𝐾: total peak frequencies 𝑓𝑘⊳ 𝑁: number of discrete time EEG samples⊳ 𝑁ch: number of EEG channels⊳ 𝑅: magnitude of mean resultant vector 𝑅⊳ 𝑟: threshold value of 𝑅(1) for 𝑘 ← 1 to 𝐾 do(2) for 𝑛 ← 1 to𝑁 do(3) 𝑓𝐶 ← CreateFuzzyClusters (𝜃1:𝑁ch (𝑛, 𝑓𝑘), 𝑟)(4) ℎ𝐶 ← ConvertToHardClusters (𝑓𝐶)(5) end for(6) end for(7) procedure CreateFuzzyClusters (𝜃, 𝑟)(8) for 𝑖 ← 1 to𝑁ch − 1 do(9) Initialize new empty cluster 𝐶(𝑖)(10) Add electrode 𝑐(𝜃𝑖) to 𝐶(𝑖)(11) for 𝑗 ← 𝑖 + 1 to𝑁ch do(12) Compute 𝑅 between 𝑐(𝜃𝑖) and 𝑐(𝜃𝑗)(13) if 𝑅(𝑖, 𝑗) > 𝑟 then(14) Add electrode 𝑐(𝜃𝑗) to 𝐶(𝑖)(15) end if(16) end for(17) end for(18) return 𝐶(19) end procedure(20) procedure ConvertToHardClusters (𝐶)(21) 𝐶intersect ← Find clusters 𝐶 with intersections(22) for all 𝐶intersect do(23) Compute 𝑅(24) 𝐶𝑅max
← 𝐶intersect with maximum value of 𝑅(25) Eliminate intersected elements from all clusters 𝐶intersect ̸= 𝐶𝑅max(26) end for(27) end procedure

Algorithm 1: Multivariate Time Series Clustering by Phase Synchrony (mCPS).

magnitude changes of vector 𝑅 over time in a determined
group of EEG channels comparing two different conditions
[36]. The functioning of mCPS over EEG channels according
to circular variance is as follows.

Once 𝜃𝑗(𝑛, 𝑓𝑘) is retrieved for the entire EEG, the pro-
cedure CreateFuzzyClusters generates 𝑓𝐶 fuzzy clusters
of electrodes for each time sample 𝑛 and for each center
frequency 𝑓𝑘. The threshold 𝑟 (0 < 𝑟 < 1) defines whether
or not an electrode is assigned to a determined 𝑓𝐶, and as
fuzzy clusters consider intersections of cluster elements, the
main task of the procedure ConvertToHardClusters is to
obtain hard clusters ℎ𝐶 by preserving clusters with higher
value of 𝑟 and proceed to eliminate intersections iteratively of
the remaining 𝑓𝐶 in such a way that ℎ𝐶1 ∩ ℎ𝐶2 ∩ ⋅ ⋅ ⋅ ∩ ℎ𝐶𝑖 =0; 𝑖 | 1 <= 𝑖 <= 𝑁ch. Therefore, the result of mCPS is a new𝑁ch × 𝑁matrix cEEG, containing the cluster labels to which
each EEG channel belongs in each time sample 𝑛.
2.2.3. Cluster Labeling. Every run of mCPS is bounded for
each time sample 𝑛, and an arbitrary numeric label is assigned
to each cluster. Then, an example of generated clusters could
be ℎ𝐶1 = {P3,P4,O𝑧} for 𝑛 = 1 and ℎ𝐶2 = {P3,P4,Oz}
for 𝑛 = 2. In this case, numeric labels 1 and 2 do not provide

Cz Pz Oz P3Fz P4 PO7 PO8

01 1 0 1 1 0 0

A C

Figure 1: Example of hexadecimal cluster labeling for an 8-channel
EEG array, where 𝐴𝐶 represents the cluster containing Fz, Pz, P3,
and P4.

any useful information of cluster content. In order to establish
a meaningful relationship that reflects that ℎ𝐶1 and ℎ𝐶2 are
actually the same cluster, a labeling system was developed
based on hexadecimal words that encode which electrode
belongs to the cluster and then assign a specific color in a
one-to-one relationship to represent clusters in a TFT map,
whichwill be described further. In Figure 1, it can be observed
that each hexadecimal digit corresponds to binary bits of
electrode quartets, where digit 1 means that the electrode is
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Figure 2: Depiction of how a TFT map is generated. Using the
settings for the assessment of cEEG (sampling rate of 256Hz), the
size of each window is 𝜐 = 16. Hence, each scalp map in the TFT
map represents the cluster modes within the cEEG window of size 𝜐
for each electrode.

assigned to a determined cluster if magnitude of 𝑅 is greater
than threshold 𝑟.Therefore, a hexadecimal word of two digits
encodes the cluster membership for eight EEG channels. As a
consequence of this encoding system, a slightly different hue
of color label should depict similarity between clusters, for
example, a blue cluster containing electrodes P3, Pz, and P4
and a lighter blue cluster that only contains P3 and Pz. Hence,
the matrix cEEG now has as elements the cluster labels of
hexadecimal words.

2.2.4. Construction of Time-Frequency-Topography (TFT)
Maps. To be able to condense the large amount of infor-
mation obtained from mCPS and make it suitable for visual
analysis, we used TFT maps for topographic representation
of all ℎ𝐶 yielded in previous steps. Some previous schemes of
Time-Frequency-Topographic visualization can be found in
literature [15, 37]. Then, the cEEG section that corresponds
to the rEEG segment to be analyzed is windowed, displaying
scalp maps with cluster modes of the cEEG windows of size𝜐, which is specified in number of samples (Figure 2). The
cluster modes for each channel are assigned only if the mode
frequency is greater than threshold 𝜌. For both rEEG and
sEEG, 𝜌 = 50%; this way, bimodal or multimodal results are
avoided.

With regard to the rEEG, it should be mentioned that as
the selected runs for analysis with our method were clustered
separately, the color labels in a TFTmap of ERP condition are
the same as a TFTmap of no ERP only if it is the same subject
and same run; otherwise, this condition may not be satisfied,
except for two cases: the color map is bounded between
specific RGB values between dark blue and bright yellow,
which corresponds with cluster with hexadecimal label “01”
(only channel P8 is assigned) and cluster “FF” (all channels
are assigned), respectively. Intermediate variations of label
color depend on the amount of generated clusters along time.

2.2.5. Intertrial TFT (iTFT) Maps. An iTFT depicts ℎ𝐶
modes across epochs. It can be seen as a TFTmap containing
intertrial cluster modes (ITCM) instead of computing cluster
modes over a cEEG segment directly (Figure 3). Regarding
the rEEG, for each run of the experimental protocol, the
instantaneous phase is computed over the complete run and
the clustering is performed before epoch segmentation. After
these steps, ERP and no-ERP epochs are taken separately
and their ITCM is computed in such a way that the most
representative cluster formations over the ERP and no-ERP
epochs are retrieved. For the rEEG case, the resultant iTFT
map illustrates the most prevalent phase clustering patterns
over 1000ms (duration of trials) with a time window of size𝜐 = 16 (62.5ms).
2.2.6. Levenshtein Distance (LD) and Complementary TF
Maps. LD is included to sense relevant differences between
ERP and no-ERP epochs. This measure can be defined as
the minimum cost of transforming one string into another
through a sequence of operations [38]:

LD (Φ1, Φ2) = min {𝜓 (T
Φ1 ,Φ2

)} ;
𝜓 (T
Φ1,Φ2

) = 𝑙∑
𝑖=1

𝜓 (Ti) ,
(7)

where Φ1 and Φ2 are strings constructed with characters𝜙1, 𝜙2, . . . , 𝜙𝑧 of the same alphabet Γ andTΦ1 ,Φ2 = {𝑇1, 𝑇2, . . . ,𝑇𝑙} represents the set of edit operations to make Φ1 = Φ2,
weighted by function 𝜓 ∈ R+. With 𝑝 → 𝑞 being a simple
edit operation and 𝜆 being the null string, there are three
types of transformations: insertions (𝜆 → 𝑝), substitutions(𝑝 → 𝑞), and deletions (𝑞 → 𝜆). Adapted to our case, Γ ={“0”, “1”}, 𝜓 = 1, and Φ1 and Φ2 are binary cluster labels
of same length; thus the only operation to perform is substi-
tutions of characters. Since clusters labels encipher the mem-
bership of electrodes, the maximum LD should be equal to 8
for the extreme case of Φ1 = “00000000” (which means that
no clustermode was assigned to any channel due to threshold𝜌) and a cluster mode with all 8 electrodes within (Φ2 =
“11111111”).

Furthermore, additional TF maps are generated from the
CWT of each channel, which coupled with LDmeasures, and
they help to observe findings in the mCPS information that
could be associated with the changes of power due to the ERP
over the time series. The LD distances are depicted in Time-
Frequency-Levenshtein (TFL) maps.

2.2.7. Framework Pipeline. The complete framework pipeline
is shown in Figure 4. Once the extraction of phase informa-
tion of EEG in block 𝑎 and mCPS is performed in block𝑏, EEG clusters (cEEG) are labeled in block 𝑐 and then
segmented according to the acquisition protocol. For this
particular case, condition 1 and condition 2 in Figure 4 cor-
respond to ERP and no-ERP epochs, respectively. Important
to notice, segmentation of cEEG occurs after the hexadeci-
mal labeling (block c) in order to allow direct comparison
between conditions in the iTFT maps, ensuring a one-to-
one correspondence among color labels in the topographic
scalp layouts of clusters and hexadecimal labels. Finally, the
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Figure 3: Depiction of how an iTFT map (blue background) is constructed. Following the same principle of a grand average for ERP
(computing modes instead), the scalp maps in the green TFTmap contain the ITCM of epochs 1, 2, . . . ,𝑀. For illustration purposes only, let
us consider the final step, that is, computing the modes of every window over the discrete time axis, setting 𝜐 = 2 samples (indicated with the
red rectangles and arrows) with a sampling rate of 1 kHz. Thereby, each topographic map in the iTFT map represents the cluster modes of all
samples of the array containing the ITCM within the window of size 𝜐 for each electrode.

TFL maps (block 𝑒) highlight dissimilarities over time and
frequency of the mCPS outputs for ERP and no ERP.

3. Results

Figure 5 summarizes the most remarkable outcome of the
experiments with sEEG. Figure 5(a) shows the grand average
of each channel, and Figure 5(b) displays the corresponding
spectra of all channels as well as the scalp distribution of
power at center frequency 𝑓 = 1.6Hz. Figure 5(c) shows a
single scalpmap extracted from the correspondent TFTmaps
after applying mCPS over a single trial of sEEG, positioned
at 1500ms (which is where the peak amplitude of the VEP
is found) and centered at 𝑓, with a signal-to-noise ratio
(SNR) of 0.328 dB. Figure 5(d) also shows a single scalp map,
at same latency and center frequency 𝑓, coming from a
TFT map generated after applying mCPS over the grand
average of the 30 epochs, with SNR = 3.16 dB. By visual
inspection, it can be observed in Figure 5(d) that electrodes
in blue cluster correspond to those in Figure 5(a), where
the VEP is more evident (marked with red circles); it also
largely coincides with the scalp areas with highest power at𝑓 (Figure 5(b)). Remarkable to say, despite the lower SNR in
a single trial compared to scalp map of Figure 5(d), mCPS is
able to retrieve some of the electrodes within the blue cluster
(Figure 5(c)).

With respect to rEEG, the main attention was on the
intertrial analysis searching for differences between ERP and
no-ERP conditions, using iTFT maps. Different values of
threshold 𝑟 were tested between 0.90 and 0.99 for cluster
mode assignments, while 𝜌 was fixed at 50% and 𝜐 = 16
samples. In relation to the data, from the seven runs of
each subject, only the testing runs (4–7) were processed with
our framework, each of them individually. For reasons of
space, only some relevant portions of maps per subject are
presented in figures: run 4 for S2 and for S5 (𝑟 = 0.90
and 0.975, resp.), run 7 for S6, and run 6 for S7 (both with𝑟 = 0.96). Figure 6 shows grand averages of all channels
for these runs for each subject, contrasting ERP condition
(blue) versus no-ERP condition (red). Respecting the TFL
and TF maps, only the most illustrating channel is depicted.
For the full maps of the runsmentioned before, please refer to
http://itzamna.uam.mx/lini/mcps.html.

Results of run 4 for S2 are displayed in Figure 7. In the
ERP iTFT map (Figure 7(a)), formations of cluster modes
with label “FF” (bright yellow) containing P3-P4-PO7-Oz-
PO8 can be observed from 312.5ms to 750ms at 2Hz.
The same situation occurs at 2.5Hz with P3-PO7-P4. No
characteristic cluster formation is shown in the no-ERP
iTFTmap (Figure 7(b)). Noteworthy, run 5 portrayed similar
conditions compared to run 4, except that relevant cluster
formations were found in bins centered at 1.3, 1.6, and 2Hz.

http://itzamna.uam.mx/lini/mcps.html
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Figure 4: Block diagram of the framework pipeline. Blocks 𝑎, 𝑏, and 𝑐 are described in Sections 2.2.1, 2.2.2, and 2.2.3, respectively. This is a
general pipeline, and as such another phase extraction technique might be used in block 𝑎 (we opted for CWT). In block 𝑏, other PS criteria
can be introduced (we opted for circular variance) to performmCPS.The blocks contained in𝑑 are described in Section 2.2.5, where condition
1 and condition 2 refer to ERP and no-ERP epochs, obtained after segmentation of the time series of cluster labels cEEG. Additionally, TF
maps of each channel for both conditions (not depicted in this block diagram) can be used together with the TFL maps of block 𝑒 for visual
analysis.

As for runs 6 and 7, neither ERP nor no-ERP iTFTmaps of S2
revealed any characteristic cluster formation. In Figure 7(d),
the TFL map for P4 is displayed. Important to highlight, this
map depicts yellow areas that coincide (at least visually) with
the concentration of power of the P300 wave (Figure 7(e)),
particularly for P3, P4, PO7, and Oz (TFL maps for P3, PO7,
and Oz can be observed in the complete study). It is also
coincidental with the cluster formations described previously
in the ERP iTFT map and with the P300 power time course,
around 312ms and 750ms approximately (Figure 7(e)), which
is not the case if such cluster arrangements are comparedwith
no-ERP TF maps (Figure 7(f)).

3.1. Steady-State Visual Evoked Potential (SSVEP) Artifact. As
depicted in Figure 7(c), it can be observed that cluster “FF”

contains all EEG channels at 7.6Hz over the entire row. This
is highly likely to be related to an SSVEP artifact derived
from a fixed value of the interstimulus duration (125ms).This
pattern appears in all subjects, with some minor variations
of 𝑓𝑘. For example, for S2, this fact can be related to the
concentration of power around 7.6Hz in the entire epoch in
all TF maps of each channel (Figures 7(e) and 7(f)). This can
be verified with almost all TF maps presented for both ERP
and no ERP for all subjects.

Regarding S5, observations within runs are very similar
(𝑟 = 0.975). For ERP condition (Figure 8(a)), cluster forma-
tions of “FF” with parietal channels and Cz clearly coincide
with yellow areas of TFL map of P3 (Figure 8(c)) and power
concentration of P300 in the TF map (Figure 8(d)). This can
be observed over the ERP iTFT cluster formations in bins
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Figure 5: (a) Grand average of each channel; (b) corresponding spectra and scalp distribution of power at 1.6Hz. Both images were generated
with EEGLAB [31]. (c) TFT map at 1500ms, 1.6Hz, and SNR = 0.328 dB. (d) TFT map at same time and frequency of grand average, with
SNR = 3.16 dB.

centered at 1.6, 2, 2.5, and 3.1 Hz (Figure 8(a)). iTFT maps
of no ERP (Figure 8(b)) did not show any relevant cluster
formation.

For S6 (𝑟 = 0.96), Figures 9(a) and 9(b) illustrate a
section of the correspondent iTFT map of ERP and no-ERP
conditions, respectively. The “FF” cluster formations can be
observed in the 3.1 Hz bin, which takes place at different time
windows. There are no relevant cluster formations over no-
ERP map at the same times. The TFL map confirms these
differences with the yellow areas for Pz (Figure 9(c)). In this
case, the relationship with the power in TFmap of P300 wave
(Figures 9(d) and 9(e)) is not so evident.

Concerning S7, in run 6 with a threshold of 𝑟 = 0.96,
parietal electrodes stand out again portraying diverse “FF”
cluster arrangements over the scalp, mainly at 2, 2.5, and

3.1 Hz (Figure 10(a)), concurring with yellow areas in cor-
responding TFL map of P3 (Figure 10(c)) and with the
power of P300 wave in the TF map (Figure 10(d)). In run
7, the appearance of other cluster formations besides “FF”
(perceived in other runs and subjects) was noticeable, with
parietal electrodes between 375 and 625ms.

4. Discussion

The findings over the TFT maps of sEEG served as a starting
point for leading the research to the analysis with real data,
as coincidences of the generated cluster in the single trial
and the one over the grand average reflected the ability of
mCPS to retrieve the PS information of interest. For rEEG,
the iTFT maps exposed several differences between ERP and
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Figure 6: Grand averages of ERP (blue) versus no-ERP (red) condition for each subject (run 4 for S2 and S5, run 7 for S6, and run 6 for S7).

no ERP, and maybe the most notable and consistent feature
was the arrangements of clusters labeled “FF” systematically
appearing in ERP maps (Figures 7(a), 8(a), 9(a), and 10(a))
derived from the ITCM computation, contrasting with the
absence of such patterns in the no-ERP maps (Figures 7(b),
8(b), 9(b), and 10(b)). This fact is evidenced with the TFL
maps (Figures 7(d), 8(c), 9(c), and 10(c)), highlighting the
areas of the TF plane with perceptible differences among ERP
and no ERP. Such differences can be noted by contrasting
Figures 7(e), 7(f), 8(d), 8(e), 9(d), 9(e), 10(d), and 10(e),
respectively. Moreover, most of the “FF” appearances can be
related (at least by visual inspection) to the P300 wave, given
the times and bandwidths where these clusters appear, as
most of them were localized within delta and theta ranges,
which is consistent with frequency content of a P300 ERP
[39–41]. The frequency content of no-ERP epochs observed
in Figures 7(f), 8(e), 9(e), and 10(e) could hardly be explained
by any neurophysiological event of relevance, but rather it
could be due to subharmonics of the SSVEP artifact, as the
power concentration can be perceived as extended “lines”
throughout the time series.

There were cases (like S6) where analysis with TFL and
TFmaps did not yield any clear distinction between ERP and
no ERP, like run 6, where cluster formations were sporadic
and intermittent, making it difficult to establish a relationship
with the P300wave. Noteworthy, samples of ERP and no-ERP
epochs are highly unbalanced (each run per subject contains
100 ERP epochs and 500 no-ERP epochs), which reinforces
our results distinguishing these conditions, considering the
fact that we are usingmode as statistical measure, and despite

a greater amount of samples of no-ERP epochs, no relevant
cluster modes formations were detected.

Another important aspect is related to frequency locking
and tracking of frequency flows [42, 43]. A limitation in some
methods relying on a narrow bandTF decomposition, such as
the frequency bins generated with wavelets, is the assumption
of frequency stationarity of PS, hiding or masking periods of
continuous PS with transient variability of synchronization
frequency through time. However, the TFTmaps can capture
this frequency flow of PS, as it can be observed how the “FF”
cluster patterns appear over different low frequency narrow
bands, such as 𝑓𝑘 = 1.6, 2, 2.5, and 3.1 Hz for S5 (Figure 8(a))
and 𝑓𝑘 = 2, 2.5, and 3.1 Hz for S7 (Figure 10(a)).

With respect to hyperparameters, further analysis should
be made varying threshold values (𝑟 and 𝜐) in order to
evaluate the produced effect in cluster generation and visu-
alization. As mentioned before, several tests were made with
different values of 𝑟, yet the results shown in this work are
only for one 𝑟 per subject, which was heuristically selected by
identifying the TFL maps that yield a better differentiation of
ERP and no-ERP conditions. The method is highly sensitive
to 𝑟 variations, and future work can be directed to automate
selection of optimal values for 𝑟.

Even though in these results our framework serves in
identifying PS dynamics related to the neural activity of
interest organized and structured in clusters of EEG channels,
there is still a lot of room for improvement. At this point, our
method describes near-zero phase lag relationships between
EEG channels (𝑟 > 0.90 in most of the cases). By definition,
volume conduction requires zero phase lag, but a phase
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Figure 7: (a) A portion of iTFTmaps for S2, showing only the row of bins centered at 2Hz and 2.5Hz, from 250ms to 875ms of ERP epochs;
(b) same 𝑓𝑘 depicted for no-ERP epochs. (c) An example of the cluster related with the steady-state artifact. (d) TFL map for P4. (e) TF map
for P4 for ERP and (f) TF map for P4 for no ERP.

difference close to zero is not necessarily due to volume
conduction, as this kind of phase associations can be found
widespread over the cerebral cortex because of corticothala-
mic projections [44]. There are some measures such as Phase
Lag Index (PLI) [45] or imaginary coherence [46] which deal
with volume conduction by discarding zero phase lags, but at
the same time these approaches are insensitive to true near-
zero phase lag interactions [47].

On the other hand, volume conduction can be addressed
by measuring phase reset, which can be detected when a
phase shift takes place between two phase-locked signals
[48]. This idea can be extended in our framework, trying
to find phase resets between EEG channels. Adding other

phase differences or phase-locking measures could retrieve
different clustering patterns, which along with our already
implemented mCPS measure and detection of phase resets
could deliver complementary and relevant information.

5. Conclusions

Our framework provides a feasible way to address both single
and intertrial PS analysis of multivariate neural time series,
characterizing the PS variability through time. The majority
of PS measures so far suggested in literature such as PLV or
PCC are calculated between two signals [6–8] or provide only
a global index of synchronization in the case of multivariate
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Figure 8: (a) A portion of iTFT maps for S5, showing only the row of bins centered at 1.6, 2, 2.5, and 3.1 Hz, from 250ms to 875ms of ERP
epochs; (b) same 𝑓𝑘 depicted for no-ERP epochs. (c) TFL map for P3. (d) TF map for P3 for ERP, and (e) TF map for P3 for no ERP.

measures [19, 20, 23, 27]. Our framework is an alternative for
studying the behavior of phase synchronization between all
EEG channels at once in a given timewindowwithin different
bandwidths of interest. Noticeable to say, the framework
is not limited to any particular phase extraction technique
(further discussion about the selection of these techniques is
beyond the scope of this article) and can also easily be adapted
to other PSmeasures like phase coherence, obtaining clusters

of phase differences consistency from mCPS. It remains to
assess and compare the proposed algorithm to other clus-
tering algorithms in terms of efficiency and computational
complexity.

The insight given by the iTFTmaps provides a qualitative
measure of intertrial cluster consistency, which when com-
bined with the TFL and TF maps becomes helpful to assess
which clusters patterns are related to a specific mental task. It
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Figure 9: (a) A portion of iTFT maps for S6, showing only the row of bin centered at 3.1 Hz, from 62.5ms to 687.5ms of ERP epochs; (b)
same 𝑓𝑘 depicted for no-ERP epochs. (c) TFL map for Pz. (d) TF map for Pz for ERP and (e) TF map for Pz for no ERP.

should be mentioned that some yellow areas depicted in TFL
maps that do not match with the power increase of the P300
wave shown in TF maps could be due to artifacts artificially
derived from LD computation or due to other relevant neural
information not related to ERP. Further analysis should be
made regarding this issue.

Although in this first approach mCPS was applied over
synthetic signals and P300 wave data with relatively few
electrodes, the aim of this work was merely to illustrate the
framework pipeline and how it describes PS patterns. As
mentioned before, our work attempts to encompass a broader
variety of cognitive states. For example, in the context of BCI,
our framework might be useful for the characterization of
mental tasks suitable for endogenous BCI paradigms with
no external stimuli in the system. Then, feature extraction
could be performed from mCPS outcome for asynchronous
(self-paced) BCI classification, distinguishing idle state from
a specific mental task. Additionally, when exploring higher
density EEG (64 channels or more), this framework could
be used as a channel optimization tool finding the clusters
of electrodes that contribute the most to characterization of a
mental state.

Electrical signals from brain sources are volume con-
ducted through nervous tissue, cerebrospinal fluid, skull,
and scalp. Hence, an underlying issue in EEG recordings
regards the single source contamination of multiple sensors
via volume conduction.TheEEG recorded over the scalp does

not necessarily capture the direct activity underneath the
electrode but a weighted mixture of different sources (neural
or artifact). Then, distinction between volume conduction
and true synchrony remains an open issue. Some authors
have reported that methods for improving spatial resolution
of EEG, such as scalp current density profiles (SCD), seem
convenient as preprocessing steps before the estimation of PS
[7, 8]. For future work, it should be interesting to study the
effects of rereferencing. Again, in the BCI field, it could be
assessed if rereferencing enhances performance using phase
clusters as features for classification, bearing in mind the fact
that the original phase delays may be distorted. It should
be pointed out that no additional preprocessing was made,
preserving the data as raw as possible. Further approaches
for addressing volume conduction should be considered in
forthcoming research.

Finally, to summarize the contributions, the proposed
framework incorporates several features useful for PS anal-
ysis, such as iTFT and TFL maps, taking into account
some aspects like frequency nonstationarity and flexibility
of use of other synchronization measures besides PLF. The
LD is applied as a metric for better distinction of differ-
ences between conditions, highlighting synchrony differ-
ences between ERP and no-ERP epochs, mainly at delta
and theta bands. Additional information like the steady-state
artifacts at 7.6Hz is also retrieved and depicted in iTFT
maps. Taking EEG as the view port of cortical activity, our
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Figure 10: (a) A portion of iTFT maps for S7, showing only the row of bin centered at 2, 2.5, and 3.1 Hz, from 62.5ms to 687.5ms of ERP
epochs; (b) same 𝑓𝑘 depicted for no-ERP epochs. (c) TFL map for P3. (d) TF map for P3 for ERP and (e) TF map for P3 for no ERP.

framework provides a new insight into terms of large-scale
integration of emerging synchrony patterns of instantaneous
phase during cognitive tasks, depicted in phase-related clus-
ter arrangements over the time series of EEG signals.
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“P300-response: possible psychophysiological correlates in
delta and theta frequency channels. A review,” International
Journal of Psychophysiology, vol. 13, no. 2, pp. 161–179, 1992.

[40] V. Kolev, T. Demiralp, J. Yordanova, A. Ademoglu, and Ü.
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This study aimed to determine the effect of liraglutide pretreatment and to elucidate the mechanism of nuclear factor erythroid
2-related factor (Nrf2)/heme oxygenase-1 (HO-1) signaling after focal cerebral ischemia injury in diabetic rats model. Adult male
Sprague-Dawley rats were randomly divided into the sham-operated (S) group, diabetes mellitus ischemia (DM + MCAO) group,
liraglutide pretreatment normal blood glucose ischemia (NDM+MCAO+L) group, and liraglutide pretreatment diabetes ischemia
(DM + MCAO + L) group. At 48 h after middle cerebral artery occlusion (MCAO), neurological deficits and infarct volume of
brain were measured. Oxidative stress brain tissue was determined by superoxide dismutase (SOD) and myeloperoxidase (MPO)
activities.The expression levels of Nrf2 and HO-1 of brain tissue were analyzed by western blotting. In the DM +MCAO + L group,
neurological deficits scores and cerebral infarct volume seemed to decrease at 48 h after MCAO cerebral ischemia compared with
those in DM +MCAO group (𝑃 < 0.05). In addition, the expression of Nrf2 and HO-1 increased in 48 h at liraglutide pretreatment
groups after MCAO cerebral ischemia if compared with those in the DM + MCAO group (𝑃 < 0.05). Furthermore, the DM +
MCAO + L group has no significant difference compared with the NDM + MCAO + L group (𝑃 > 0.05). To sum up, alleviating
effects of liraglutide on diabetes complicated with cerebral ischemia injury rats would be related to Nrf2/HO-1 signaling pathway.

1. Introduction

Ischemic stroke is characterized by high rates of morbidity,
mortality, disability, and relapse [1, 2]. At present, intravascu-
lar thrombolysis and embolectomy are achieved via the blood
vessels, while other therapeutic means remain unsatisfactory.
Diabetes mellitus (DM) is an important risk factor for
cerebral infarction. Compared with nondiabetic patients, the
incidence of cerebral infarction in patients with diabetes is
1.8–6.0 times higher [3]. Liraglutide is a long-acting synthetic
analog of glucagon-like peptide-1 (GLP-1) in the treatment
of type 2 diabetes drugs and has been sold in the United
States, Europe, and China. It is chemically similar to natural

GLP-1, with 97% homology [4], and also has some biological
effects of GLP-1. In 2013, Sato et al. suggested that liraglutide
reduced neuronal damage caused by cerebral ischemia in
diabetic and nondiabetic rats through antioxidative stress and
antiapoptosis pathways [5]. Previous studies have confirmed
that theNrf2/HO-1 signaling pathway plays an important role
in antioxidative stress. In view of liraglutide’s antioxidative
stress activity, we speculated that it could activate the nuclear
factor erythroid 2-related factor (Nrf2)/heme oxygenase-1
(HO-1) pathway in the treatment of diabetes complicated
with cerebral infarction. We recommend explaining the rela-
tionship betweenNrf2/HO-1 signaling pathway and neuronal
damage caused by cerebral ischemia. This could make your
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investigation more convincing. Generally speaking, intro-
duction is too simple and therefore needs more information
inserted into this part.

2. Materials and Methods

2.1. Animals. Adult male Sprague-Dawley rats (280–320 g)
were purchased from Guangdong Provincial Medical Lab-
oratory Animal Center. Animals were housed in cages at
constant temperature (22∘C) and relative humidity (55%)
with a 12-h light–12-h dark cycle (light 06.00–18.00 h).
The experimental protocol was approved by the Animal
Ethics Committee ofGuangdongMedical LaboratoryAnimal
Center and performed in accordance with the National
Institutes of Health Guide for the Care and Use of Laboratory
Animals. Precautions were taken to minimize suffering and
the number of animals used in each experiment. Rats were
randomly divided into four groups with 12 rats per group:
sham-operated (S) group, liraglutide pretreatment normal
blood glucose cerebral ischemia (NDM+MCAO + L) group,
liraglutide pretreatment diabetes mellitus cerebral ischemia
(DM + MCAO + L) group, and diabetes mellitus cerebral
ischemia (DM +MCAO) group.

2.2. Type 1 Diabetes Mellitus Model. A rat model of type
1 DM was established by intraperitoneal (i.p.) injection of
streptozotocin (STZ; Sigma,USA) at 20mg/kg in the first 24 h
and at 35mg/kg on the next day following 8 h of fasting [6].
The animals were allowed normal drinking water and feeding
for 7 days, and there was no blood glucose intervention
until on the diabetes diet control on 7 consecutive days.
The changes in symptoms and signs in rats were observed.
A blood glucose meter (Roche, Germany) was used to
determine blood glucose in a tail vein sample. The diabetes
model was deemed successful when random blood glucose
was more than 13.9mm/L and accompanied by polydipsia,
polyuria, and weight loss. Rats were excluded for not up to
13.9mm/L of blood glucose or because of death before the
start of the experiment.

2.3. Middle Cerebral Artery Occlusion Model. After DM
induction, middle cerebral artery occlusion (MCAO)models
were established once blood glucose levels remained stable
for 7–14 days. Rats were anesthetized with chloral hydrate
(300mg/kg, i.p.) and subjected to MCAO as previously
described with slight modifications [7]. Briefly, the left
common carotid artery, internal carotid artery (ICA), and
external carotid artery (ECA)were exposed, and the ECAwas
dissected distally. A special nylon suture with a rounded tip
(line diameter of 0.28mm, head diameter of 0.36 ± 0.02mm)
was inserted into the ICA through the ECA stump and
was gently advanced to occlude the middle cerebral artery
(MCA). The animals that died after ischemia induction or
that had evidence of subarachnoid hemorrhage on extraction
of brain tissue were excluded. Skin and subcutaneous tissue
were sutured immediately after the MCAO. Body tempera-
ture was monitored with a rectal probe and maintained at
37∘C during the entire procedure. Rats in the sham group
were manipulated in the same way but without MCAO.

2.4. Liraglutide Administration. Liraglutide (Novo Nordisk
Denmark) was dissolved in saline and administered at a dose
of 100 𝜇g/kg (for the two groups of liraglutide pretreatment).
The studies were only performed in the 100 𝜇g/kg liraglutide
group, because this dose given twice daily in rats can be con-
verted to the human equivalent dose of 1.92mg/day, assuming
a 60-kg human, according to FDAS guidance [8] (i.p.) for 7
days prior to MCAO [9]. The remaining drug was stored in a
refrigerator at 4∘C. The rats in the sham group with normal
blood glucose and ischemia groupwith normal blood glucose
were injected with sterile sodium citrate buffer. The diabetic
cerebral ischemia liraglutide group and normal blood glucose
cerebral ischemia liraglutide group were given a lower left
abdominal cavity injection of liraglutide at 100 𝜇g/kg, every
12 h for 7 days after MCAO. The rats in the sham group with
normal blood glucose and diabetic cerebral ischemia group
were injected with an equal volume of normal saline.

2.5. Neurological Deficit Scores and Determination of Cere-
bral Infarct Volume. Neurological functions were evaluated
according to 5-point scoring criterion of Longa et al. [7]: 0
points, no neurological deficit; 1 point, failure to extend left
forepaw fully; 2 points, circling to the left; 3 points, falling to
the left; and 4 points, no walking spontaneously and having
a depressed level of consciousness. The first evaluation was
performed 3 h after the operation, and animals that were
given a score of 0 or 4 were excluded (except the sham
operation group). Neurological function was reappraised at
24 and 48 h after the MCAO.

Infarct volume was examined 48 h after MCAO; the
rats were anesthetized with chloral hydrate (10%, stored in
4∘C refrigerator) and decapitated. The brains were quickly
removed and placed in cold saline for 5min. The tis-
sues were cut at 2-mm intervals from the frontal pole
to obtain five coronal sections that were stained with 2%
2,3,5-triphenyltetrazolium chloride (TTC; Sigma, USA) for
30min followed by overnight immersion in 10% formalin.
The infarcted regions were quantified by assessing each
section with Image J software (National Institutes of Health,
Bethesda,Maryland, USA).The infarct size as a percentage of
the whole brain was calculated [10].

2.6. Measurement of Superoxide Dismutase (SOD) and
Myeloperoxidase (MPO) Activity in Brain Tissue Homogenate.
The rats were sacrificed at 48 h after MCAO and brains
were rapidly removed. Brain tissue samples (about 100mg)
were obtained, and a homogenate (10%) was prepared by
homogenizing the sample in normal saline at 1 : 9 ratio,
and the supernatant was obtained by refrigerated centrifu-
gation (10min, 3000 rpm) to measure superoxide dismutase
(SOD) and myeloperoxidase (MPO) activity. SOD activity in
the brain tissue was determined according to the method
described by Kakkar et al. [11]. A xanthine and xanthine
oxidase system was used to generate superoxide radicals,
which reacted with 𝑝-iodonitrotetrazolium violet (INT),
converting it into a red formazan product. Spectrometry was
used to measure absorbance of the sample at 550 nm. MPO
activity in the brain tissue was determined according to the
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Figure 1: Fasting blood glucose concentrations. There was no
change in blood glucose in the sham group and blood glucose in the
NDM + MCAO + L. DM + MCAO and DM + MCAO + L groups
increased significantly (𝑃 < 0.05); after liraglutide administration,
the blood glucose level in the DM + MCAO + L group decreased
significantly when compared with that in DM +MCAO group (𝑃 <
0.05). Values are mean ± SD, 𝑛 = 12, all 𝑃 < 0.05.

method previously described [12]. Briefly, MPO activity was
measured by the hydrogen peroxide reduction method.

SOD andMPO activities were expressed asU/mg protein.
The SOD kit (A001-1) andMPO kit were obtained fromNan-
jing Jiancheng Bioengineering Institute (Nanjing Jiancheng,
China).

2.7. Measurement of Nrf2 and HO-1 Protein Expression in
Brain Tissue. At 48 h after MCAO, the rats (𝑛 = 6 per
group) were anesthetized with chloral hydrate (10%, stored
in 4∘C refrigerator) and decapitated. The brains were quickly
removed and stored in a −80∘C freezer. Total proteins in
the cerebral cortex samples were extracted as previously
described. Nuclear proteins in the cortical tissues were
isolated using RIPA lysis buffer and Cytoplasmic Extraction
Reagents (Boster Company, Wuhan, China) according to
the manufacturer’s instructions. Protein concentrations were
determined by using the bicinchoninic acid protein assay
with bovine serum albumin as the standard [13] (McConkey,
1984). Protein expression was detected as follows. In brief,
the protein samples (20mg) were separated on 10% sodium
dodecyl sulfate-polyacrylamide gels and then transferred to
a nitrocellulose membrane.The membrane was blocked with
5% nonfat dry milk in Tris-buffered saline with Tween-20
(TBST) and incubated overnight at 4∘C with rabbit anti-rat
Nrf2 monoclonal antibody (1 : 1000; Abcam Company, USA)
and rabbit anti-rat HO-1 monoclonal antibody (1 : 2000;
Abcam Company). Rabbit anti-rat 𝛽-actin monoclonal anti-
body (1 : 5000; Boster Company,Wuhan, China) was used for
the internal control. After extensive rinsing with TBST, the
membranes were incubated with goat anti-rabbit IgG conju-
gated with horseradish peroxidase (1 : 8000; Boster Company,
Wuhan, China) for 1 h at 37∘C. Bound antibody was detected
by using an enhanced chemiluminescence detection system
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Figure 2:Neurological deficit score in each group. In the shamoper-
ation group, the neurological deficit score was 0. The neurological
deficit score in the DM + MCAO + L group was significantly lower
than in the DM + MCAO group (𝑏𝑐 𝑃 < 0.05); DM + MCAO +
L and NDM + MCAO + L groups did not differ significantly in
neurological deficit score (𝑐𝑑 𝑃 > 0.05). Values are mean ± SD,
𝑛 = 12, all 𝑃 < 0.05.

(ECL, Boster Company, Wuhan, China) and exposure of
membranes to X-ray films. The ratio of optical density value
as protein expression in each samplewas analyzedwith Image
J software.

2.8. Statistical Analysis. SPSS 13.0 software was used for
statistical analysis.The results were expressed asmean ± SEM
for normally distributed data. One-way analysis of variance
(ANOVA) was used to analyze the difference between multi-
ple means. The LSD 𝑡-test was used to analyze the difference
between two groups. 𝑃 < 0.05 was considered statistically
significant.

3. Results

3.1. Blood Glucose Measurement. In 24 h after the diabetes
model was established, tail vein blood glucose of each rat was
monitored regularly for 14 days. Blood glucose in the DM +
MCAO and DM +MCAO + L groups increased significantly
compared with the S group (𝑃 < 0.05). In addition, rats
treated with liraglutide reduced blood glucose levels in DM
+ MCAO + L groups (𝑃 < 0.05) (Figure 1). These results
indicated the diabetes model was deemed successful and the
liraglutide reduced blood glucose levels.

3.2. Neurological Deficit Evaluation. The neurological deficit
score showed that there was no neurological deficit in the
sham operation group (score 0). Liraglutide decreased the
neurological deficit score in the DM + MCAO + L and
NDM + MCAO + L groups (𝑃 < 0.05) (Figure 2). The
DM + MCAO + L and NDM + MCAO + L groups have no
significant difference in neurological deficit score (𝑃 > 0.05)
(Figure 2). The result indicated that the liraglutide improved
neurological deficit score in rats after MCAO.

3.3. Cerebral Infarction Volume. TTC staining showed that
no infarct was observed in sham operation group. Liraglutide
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Figure 3: Cerebral infarction volume in each group. There was no
cerebral infarction in the S group; the infarction volume in the S
group was significantly lower than in the other cerebral ischemia
group (𝑃 < 0.05). The infarction volume in the DM + MCAO +
L group was significantly lower than in the DM + MCAO group
(𝑐𝑏 𝑃 < 0.05).TheDM+MCAO+L andNDM+MCAO+L groups
did not differ significantly in infarction volume (𝑐𝑑 𝑃 > 0.05).
Values are mean ± SD, 𝑛 = 6, all 𝑃 < 0.05.

decreased infarct volume in the DM +MCAO + L and NDM
+MCAO+L groups (𝑃 < 0.05) (Figure 3). But comparing the
DM+MCAO+ L group andNDM+MCAO+ L group, there
was no significant difference (𝑃 > 0.05) (Figure 3). The result
indicated that the liraglutide attenuated cerebral infarction
volume in diabetic rats after MCAO.

3.4. Determination of SOD and MPO Activity. After the
injection of liraglutide the results showed differences in
experimental groups respectively (𝑃 < 0.01). Liraglutide
increased SOD and decreased MPO activity levels in the DM
+MCAO+L andNDM+MCAO+L groups (𝑃 < 0.05) (Fig-
ures 4 and 5). But the NDM +MCAO + L and DM +MCAO
+ L groups have no significant difference in SOD and MPO
activity (𝑃 > 0.05) (Figures 4 and 5). The result indicated
that liraglutide increases antioxidant SOD and decreases
inflammatory substance MPO in diabetic rats after MCAO.

3.5. Western Blot. Western blot results show that there are
significant differences in the expression levels of Nrf2 and
HO-1 in experimental groups respectively (𝑃 < 0.01)
(Figure 6). Liraglutide decreased the expression levels of Nrf2
and HO-1 in the NDM + MCAO + L and DM + MCAO + L
groups (𝑃 < 0.05) (Figure 6). But the NDM + MCAO + L
and DM + MCAO + L groups have no significant difference
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Figure 4: SOD activity in each group. There are significant differ-
ences in SOD activity levels between the S, DM + MCAO, NDM
+ MCAO + L, and DM + MCAO + L groups (𝑃 < 0.01); SOD
activity in the NDM + MCAO + L and DM + MCAO + L groups
is significantly higher than in the DM + MCAO group (𝑃 < 0.05).
SOD activity levels in the NDM + MCAO + L and DM + MCAO +
L groups did not differ significantly (𝑃 > 0.05). Values are mean ±
SD, 𝑛 = 6, all 𝑃 < 0.05.

in expression levels of Nrf2 and HO-1 (𝑃 > 0.05) (Figure 6).
The result indicated that Nrf2 and HO-1 expression were
upregulated in diabetic rats after MCAO and the liraglutide
injection augmented expression of Nrf2 and HO-1 in the
cerebral ischemia tissue.

4. Discussion

Diabetes is a chronic disease and a serious threat to human
health. It is often complicated with cardiac and cerebral
vascular diseases. Previous studies have shown that DM is an
independent risk factor for cerebral infarction and/or poor
prognosis [14]. This study demonstrates that, in the diabetic
rats with cerebral ischemia, neurological symptoms are more
serious than in other groups. Data in current investigation
indicated that neurological deficit scores in diabetic rats with
cerebral ischemia were higher compared with those in other
groups.We also found that the infarction area in rats withDM
and ischemia was significantly greater than in normal blood
glucose rats with ischemia. These findings suggest that DM
is one of the important factors leading to cerebral ischemia
exacerbation.

In recent years, more and more studies have proved that
oxidative stress is one of the important factors in diabetes
that aggravate the damage in ischemic brain tissue [15,
16]. It has been shown that, in diabetes, the systemic and
local inflammatory reaction is enhanced and the levels of
serum inflammatory markers are increased. Regardless of
the duration of DM, oxidative stress and the expression of
antioxidative stress factors are observed in various tissues of
patients. Therefore, it is suggested that diabetes is associated
with cerebral ischemia and oxidative stress [17].
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Figure 5: MPO activity in each group. There were significant
differences in MPO activity levels in the S, DM + MCAO, NDM
+ MCAO + L, and DM + MCAO + L groups (𝑃 < 0.01). MPO
activity in the NDM + MCAO + L and DM + MCAO + L groups is
significantly higher than in the DM +MCAO group (𝑐𝑑𝑏 𝑃 < 0.05).
MPO activity levels in the NDM + MCAO + L and DM + MCAO
+ L groups have no significant difference (𝑐𝑑 𝑃 > 0.05). Values are
mean ± SD, 𝑛 = 6, all 𝑃 < 0.05.

Nrf2 is one of the most important nuclear transcription
factors in eukaryotic cells. When the occurrence of dia-
betes complicated with cerebral infarction, the Nrf2/HO-1
signaling pathway is activated and regulates other antioxidant
enzymes and phase II detoxifying enzymes. These enzymes
can be against the damage of nerve cells.

Previous studies have shown that overexpression of Nrf2
can significantly reduce ischemic brain injury [17]. It has been
confirmed that there is oxidative stress injury in ischemic
neuronal cells immediately after the cerebral ischemia occurs
and that the mechanism of antioxidative stress is activated.
The expression of nuclear transcription factor Nrf2 and
downstream HO-1 was significantly increased. Many studies
have shown that when cerebral ischemia occurs, Nrf2 is
activated in neuronal cells, vascular endothelial cells, and
glial cells [18]. Meanwhile, it prompts the expression of the
downstream of antioxidant proteasome, phase II detoxifying
enzymes, and HO-1 protein. Thus, Nrf2 is considered to be
one of the initiating mechanisms of cerebral ischemia and
oxidative stress. Tu et al. found that, in a permanent cerebral
ischemia mouse model, exposure to 20mmol/L tBHQ for
6 hours after ischemia significantly decreased infarct size
[19], and at the same time, Nrf2 and HO-1 expression
increased. However, this phenomenon cannot be found in
Nrf2 knockout mice. Jiang et al. showed that oxymatrine
protected neurons after cerebral ischemia/reperfusion injury
by activating the Nrf2/HO-1 signaling pathway [20]. Oxy-
matrine increased Nrf2 and HO-1 expression in the cerebral
cortex, after 6 h in the cerebral ischemia/reperfusion model,
which peaked at 48 h, while ischemic infarction and edema
were significantly reduced. It had a clear protective effect in
ischemic nerve cells.

Our study shows that the DM with cerebral ischemia
group has significantly increased expression of Nrf2 and
HO-1 compared to the sham operation group. The expres-
sions of Nrf2 and HO-1 are involved in the process of occur-
rence and development of diabetes complicated with cerebral
ischemia. In addition, the expression of Nrf2 and HO-1 is
significantly lower in DM with cerebral ischemia group than
in the normal blood glucose with cerebral ischemia group,
which suggests that diabetes can aggravate the injury to
ischemic cells. It is also one of the important mechanisms of
diabetic cerebral ischemia injury.

4.1. Nrf2 Can Regulate the Expression of HO-1 Protein.
The oxidative/antioxidant system is activated when diabetes
complicated with cerebral ischemia occurs. The oxidation of
substances increases substantially in cells, producing large
amounts of oxygen free radicals, and increased SOD activity
may be a direct response to the extent of oxygen free radical
scavenging [21]. After the occurrence of diabetes complicated
with cerebral ischemia, the inflammatory reaction is consid-
ered another important factor in aggravating brain cell injury.
MPO is an important factor in the inflammatory response,
the determination of the increase of MPO can be confirmed
to be one of the mechanisms of cerebral ischemia aggravated
diabetes [22].

The results show that SOD and MPO are significantly
higher in the diabetes complicated with cerebral ischemia
group than in the sham operation group, and it is confirmed
that DM is one of the most important factors in cere-
bral ischemia injury. The liraglutide pretreatment diabetes
ischemia group of SOD and MPO enzyme increases signif-
icantly compared to the diabetes complicated with cerebral
ischemia group. It can explain that the liraglutide has anti-
inflammatory and protective effect of ischemic brain cells.

Many past studies have demonstrated that liraglutide has
an antioxidative effect [23]. It can protect nerve cells from
cerebral ischemic injury. It has a clear protective effect on
injured myocardial cells, islet cells, nerve cells, and so on.

There had been no earlier studies showing a neuro-
protective effect of liraglutide in diabetic rats with cerebral
ischemia injury. This study demonstrates that liraglutide has
a protective effect on brain nerve cells in rats with diabetes
mellitus combined with cerebral ischemic neuronal injury.
Thewestern blot findings for Nrf2 andHO-1 expression levels
have showed that the protective effect of liraglutide on brain
nerve cells in diabetes complicated with cerebral ischemia
injury may be through the activation of the Nrf2/HO-1
signaling pathway.

Further in vitro studies are needed to elucidate the
molecular mechanism of liraglutide against diabetic cerebral
ischemia.

5. Conclusion

Liraglutide’s alleviating effects on diabetes complicated with
cerebral ischemia injury ratsmay be related to upregulation of
Nrf2/HO-1 protein expression. Our findings have shed light
on the effects of liraglutide, and further study is necessary to
determine its mechanism in vitro.
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Figure 6: Western blot measurement of Nrf2 and HO-1 protein expression. There are significant differences in the expression levels of Nrf2
and HO-1 between the sham, DM +MCAO, NDM +MCAO + L, and DM +MCAO + L groups (𝑃 < 0.01). Nrf2 and HO-1 expression in the
NDM +MCAO + L and DM +MCAO + L groups is significantly higher than in the DM +MCAO group (𝑃 < 0.05), but the NDM +MCAO
+ L and DM + MCAO + L groups have no significant difference in Nrf2 and HO expression levels (𝑃 > 0.05). Values are mean ± SD, 𝑛 = 6,
all 𝑃 < 0.05.
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Deep Brain Stimulation (DBS) is a surgical procedure for the treatment of motor disorders in patients with Parkinson’s Disease
(PD). DBS involves the application of controlled electrical stimuli to a given brain structure. The implantation of the electrodes for
DBS is performed by aminimally invasive stereotactic surgery where neuroimaging andmicroelectrode recordings (MER) are used
to locate the target brain structure. The Subthalamic Nucleus (STN) is often chosen for the implantation of stimulation electrodes
in DBS therapy. During the surgery, an intraoperative validation is performed to locate the dorsolateral region of STN. Patients
with PD reveal a high power in the 𝛽 band (frequencies between 13Hz and 35Hz) in MER signal, mainly in the dorsolateral region
of STN. In this work, different power spectrum density methods were analyzed with the aim of selecting one that minimizes the
calculation time to be used in real time during DBS surgery. In particular, the results of three nonparametric and one parametric
methodswere compared, eachwith different sets of parameters. It was concluded that the optimummethod to perform the real-time
spectral estimation of beta band fromMER signal is Welch with Hamming windows of 1.5 seconds and 50% overlap.

1. Introduction

Parkinson’s Disease (PD) is a common neurodegenerative
disorder. Many successful pharmacological therapies and
strategies have been developed to treat both the motor and
nonmotor manifestations of PD. However, as PD progresses,
it often becomes difficult to treat, typically because of motor
complications. In these cases, Deep Brain Stimulation (DBS)
is a therapy used to treat PD. Most recently, DBS is also being
used in early stages of PD [1].

DBS involves the application of controlled electrical
stimuli to a given brain structure by implanted stimulation
electrodes. The implantation of the electrodes for DBS is
performed by aminimally invasive stereotactic surgerywhere
neuroimaging and microelectrode recordings (MER) are
used to locate the target brain structure (Figure 1).

Neuroimaging studies, both Computerized Tomography
(CT) and Magnetic Resonance Images (MRI), are used for
surgery planning and validation of the implantation site.
MER are obtained by recording the neuronal electrical activ-
ity using micro EEG technique during implantation surgery
and they are used to perform an intraoperative validation of
the electrode position. MER signals recorded during surgery
are the sum of a variety of signals generated by several neural
processes and elements. The extracellular activity captured
by MER can be divided into three categories: Local Field
Potential (LFP) < 300Hz, Multi-Unit Activity (MUA) >
300Hz, and single-unit activity.

For PD, the Subthalamic Nucleus (STN) is often chosen
as the target brain structure (Figure 1) [2]. During implan-
tation surgery, an intraoperative validation is performed to
locate the dorsolateral region of STN (Figure 1). For these
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Figure 1: (a) MER and stimulation electrodes in STN during a DBS surgery. (b) Basal nuclei of the brain: TH: Thalamus, STN: Subthalamic
Nucleus, and SN: Substantia Nigra.

validations, temporal characteristics ofMER are used.That is,
in order to locate the STN, MER signals are visually analyzed
and it is sought to recognize the location where the electrode
is located at each moment of the implantation surgery. This
validation method requires a highly trained medical team.

Several researchers ([3–5]) demonstrated that STN’sMER
in humans with PD reveal a high power in the 𝛽 band
(frequencies between 13Hz and 35Hz), mainly in the dor-
solateral region of that subcortical nucleus. In addition, this
is the same region providing optimal therapeutic benefits
for patients with PD who undergo DBS in the STN [4].
Therefore, research has been carried out to obtain frequency
information, which could be valuable to locate the electrode
implantation site [6]. Performing signal processing in the
operating room to retrieve frequency information would
imply having a complementary tool to those currently used,
providing to the medical team more information for the
selection of the best stimulation site.

From the mathematical point of view, in order to be able
to retrieve frequency information from MER, and since the
signals are random and only one segment of them is available,
an estimation of the power spectrum must be considered
[7]. There are different methods for power spectrum density
(PSD) estimation of a random signal. In the literature,Welch’s
algorithm with 1 s Hamming window and 50% overlap is
mostly used as themethod for PSD estimation ofMER signals
([5, 8–12]).

However, for 𝛽 band power detection in real time during
DBS surgery, it is necessary to explore algorithms that
minimize PSD calculation time. In this work, different PSD
methods were analyzed with the purpose of selecting the one
that allows the calculation of the 𝛽 band power of MER sig-
nals in real time during DBS electrodes implantation surgery.
Section 2 describes the used data obtained from patients who
were implanted with a brain stimulator and it details the
followed signal processing methodology. Section 3 describes
the obtained results. Finally, discussion and conclusions are
given in Sections 4 and 5, respectively.

2. Materials and Methods

2.1. Patients and Data Collection. For this study, MER
recordings obtained from bilateral surgery performed on 9
patients with PD undergoing the implantation of stimulation
electrodes for DBS in the STN were used. The surgical
interventions took place at La Fe Hospital, in Valencia, Spain.

The recordings were obtained with the “MicroGuide”
system (AlphaOmega Engineering, Nazareth, Israel). Neu-
rophysiological activity was recorded through polyamide-
coated tungsten microelectrodes (Alpha Omega). The signal
was amplified 10000 times and it was filtered with a bandpass
filter between 200 and 6000Hz, using a 4th order Butter-
worth filter for the low cutoff frequency and 2nd order for the
high cutoff frequency. The sampling frequency was 12 kHz,
and a 12-bit analog/digital converter was used.

Filtering the recordings with a high-pass filter with cutoff
frequency at 200Hz implies that these signals are MUA and
not LFP. This selection of filters, however, is helpful to avoid
the recording of electrical noise in the operating room [5].
Despite the fact that the recorded signals do not include low
frequencies where 𝛽 band is located, Section 3.2 describes the
method used to analyze the 𝛽 band.

During electrode implantation surgery, two parallel
MERs in each brain hemisphere weremoved in small discrete
steps of 0.2mm starting at 8mm above the calculated target
(center of the dorsolateral STN).The recording times in each
depthwere variable (between 0.43 s and 278.92 s). In the study
conducted by [6] it was determined that, when using power
spectral density for STN detection, recordings should not be
shorter than one second. For this reason, recordings shorter
than 1 s were discarded. Thus, recording times between 1.56 s
and 278.92 s with a mean of 48.54 s and a standard deviation
of 26.94 s were obtained.

2.2. Signal Processing. Signal processing and data analysis
were performed withMATLAB software V8.5 R2015a (Math-
works, Natick, MA, USA) using Signal Processing Toolbox.
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To compare the results of the different spectral estimators
studied, a statistical analysis was performed using MATLAB
Statistics Toolbox.

2.2.1. Signal Stability. As reported by other authors ([5, 6, 8]),
due to surgical conditions such as electrode tip movements
and/or neuronal lesions, it is necessary to select the most
stable segment from the MER recording at each depth.

To assess signal stability, the strategy outlined by [5] was
followed, but adding an energy threshold condition prior to
RMS calculation.

First, signals values whose modulus exceeded 150𝜇V
were replaced by zeros (the action potentials have typical
values of 60 𝜇V, possibly reaching 100 𝜇V [9], but there were
long portions of signals with high energy in some particularly
unstable recordings). Then, each signal was divided into
consecutive segments of 50ms and the RMS of each segment
was calculated. A portion of the signal was considered stable
when the RMS values of all of the segments fulfilled the
following condition:

RMS
50ms = RMSmedian ± 3SD, (1)

where SD is the standard deviation of the RMS of all of the
50ms segments of the signal.

This stability analysis rejects infrequent events, such as
glitches (spurious electronic signals caused by peaks in elec-
trical energy) or cell damage, but does not reject oscillatory
activity greater than 1Hz [5]. The longest stable portion of
each signal was selected to continue the analysis, discarding
the rest of the recording.

2.2.2. Rectification and Filtering. MER signals are produced
by the superposition of multiple electrical sources corre-
sponding to several neural processes. Since the acquisition
was performed with a high-pass online filter with cutoff
frequency at 200Hz, the signals used in this work are MUA
signals; that is, they are composed by background activity
and action potentials from neurons close to the recording
electrode.

Because of this acquisition strategy, it is impossible to
perform a direct frequency analysis in ranges lower than
200Hz, which are the ones of interest in this study (𝛽 band
frequencies: 13Hz to 35Hz).

In [13], it is shown that MER signals acquired using
a high-pass filter can recover its low frequency oscillatory
components via the extraction of their envelope, since there
is a low frequency modulation in the amplitude of the high
frequency signals (MUA). In order to perform frequency
analysis in lower frequency ranges, this modulation informa-
tion needs to be retrieved.

In this study, the strategy proposed by [13] was followed.
The low frequency envelope can be calculated following a
two-step procedure: extraction of the instantaneous power
of the signal by the absolute value operator and smoothing
using a low-pass filter. In addition, the mean of the envelope
signal was subtracted, given that some methods of power
spectrum estimation assume that the signal has zero mean.
The power spectrum of a nonzero mean signal has a zero

frequency pulse; if the mean is relatively large, it may obscure
the components of the low amplitude and low frequency
spectrum. Despite the fact the estimation is not an exact
value, removing the mean value provides better estimation,
especially for low frequencies [7].

Summarizing, to obtain the envelope, these steps were
followed:

(i) Full wave rectification: absolute value of each signal
sample.

(ii) Extraction of the mean.
(iii) Smoothing to obtain the envelope: 4th order Butter-

worth low-pass filter: cutoff frequency at 100Hz.

2.3. Power Spectrum Estimation. In studies where the 𝛽
power of MER signals is obtained ([5, 8–12]), there is a
systematic use ofWelch’s method with 1 s Hamming windows
and 50% overlap. However, in order to be able to do an
intraoperative validation of the electrode position during
implantation surgeries, the 𝛽 band power detection must
be achieved in real time, that is, the shorter time possible.
Thus, it is necessary to explore algorithms that minimize PSD
calculation time.

In this work, different PSD methods were analyzed with
the purpose of selecting the one that allows the calculation
of the 𝛽 band power of MER signals in real time during DBS
electrodes implantation surgery.

First, it was decided to compare different power spectrum
estimation methods in order to identify other methods
that could also be used. For this, after performing spectral
estimation with different methods, a statistical analysis was
performed to find significant differences among them. Then
the computation time of some of the methods was compared.

In all spectrum estimations, parameters were adjusted to
achieve a frequency resolution of 0.1 Hz.

2.3.1. Nonparametric Estimation Methods. Nonparametric
methods for power spectrum estimation are based exclusively
on the available data, without making any assumptions about
the system that generates them. Due to the analyzed signals
characteristics, it seems appropriate to use such an estimation
method.

In this study, three nonparametric techniques of PSD
estimation were analyzed, which are described below.

Periodogram. This is the most basic nonparametric method
based on the calculation of the Fourier Transform. By
definition, the periodogram is not a consistent estimator
[7]. Therefore, although the actual spectrum of the signal
is unknown, it can be assumed that this estimation is not
convenient. However, as it is the basis of other methods, it
was decided to evaluate its results.

Welch’sMethod. Dividing the recordings into segments before
calculating the periodogram reduces the estimation variance.
Moreover, the length of those segments has an impact on the
frequency resolution of the estimation [14].Welch’smethod is
based on this procedure: the overlap of the segments makes
it possible to increase the number of segments (reducing
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variance) without reducing its length in order to not lose
resolution. If segments are shorter, the estimation has worse
resolution but better (less) variance.

In this study, the results of three different window sizes
were compared, always with an overlap of 50%:

(i) 0.5-second Hamming window.
(ii) 1-second Hamming window. This is the most used

window length in the consulted bibliography.
(iii) 1.5-second Hamming window.

Multitaper Method. This method reduces variance using
different windows but all with the same length of the signal
[7]. Since length is not reduced, the total bias is less than
that obtained using signal segments. The time-bandwidth
(NW) parameter balances this estimator resolution and
variance. When NW increases, the variance decreases, but
each estimate has higher spectral leakage and the resulting
spectral estimator has more bias.

To use this method, it is necessary to define the set of
windows used and the NW parameter, which is related to the
number of windows. In this work, the DPSS set of windows,
proposed by Thomson, was always used. In order to select
NW value, the values used in the consulted bibliography
([15, 16]) were taken into account, where typical values were
found to be between 2 and 6. It was decided to analyze the
results of this estimator with typical extreme values of NW.
Thus, the multitaper method was analyzed with NW = 2 and
NW = 6.

2.3.2. Parametric Estimation Methods. Although MER sig-
nals characteristics do not seem to be described by a simple
parametric model as they come from a system of great
complexity, an autoregressive model (AR) was decided to be
applied.

The order of the AR model provides a balance between
bias and variance [17]. For a small order, the spectrum may
not be well estimated (large bias) but it will have less variance.
For a large order, the spectrumwill exhibit lower bias butmay
have a lot of variances.

AR Model with Burg Coefficients. An AR model with the
coefficients calculated by the Burg method was chosen.
Regarding the order of the model, it was decided to compare
AR models of two different orders. Two orders were selected
within the margins of the values used in other studies ([18,
19]). The power spectrum was then estimated using AR
model, 4th order, and AR model, 15th order.

2.4. Statistical Comparison of Spectral Estimators. Astatistical
analysis was performed to compare the results of the different
spectral estimators studied. For this, all of the signals coming
from the 28 trajectories were used (each trajectory contained
several signals, each of a different recording depth). In total,
1010 signals were used.

Since there were few samples and the distribution of the
samples was unknown, it was decided to work with Fried-
man’s nonparametric method. This test was applied to two
matrices. In both cases, each column represented a method

of power spectral estimation and each row represented one
signal, which was recorded at a specific depth, with a specific
microelectrode, in a specific hemisphere, and in a specific
patient.

In one of the input matrices, each element of the matrix
contained the average𝛽 band power. In the other case, instead
of filling the matrix with power values, it was completed with
the frequency values of the𝛽 band inwhich the highest power
was obtained.

To obtain the significance value of the comparison
between two methods, an ad hoc method for multiple com-
parisons, based on the Tukey-Kramer criterion, was used.
The level of significance was 𝛼 = 0.05; that is, the confidence
interval was 95%.

2.5. Computational Cost Comparison. Since the final goal
of this work is to apply one of these estimation methods
to an intraoperative validation of the stimulation electrode
implantation optimal location, it is necessary that signal
processing is done in real time. Thus, processing speed is an
important factor to consider.

The computation time of four of the estimators were com-
pared, using a computer with an Intel� Core� i7-6700HQ
Processor, 16GB SDRAM DDR3L, and running Windows 10
home 64 bits. The methods chosen for the calculation of the
computational cost were those that are shown to be more
adequate for the calculation of the spectral estimation.

3. Results

3.1. Stability Analysis. An example of the stability analysis
is shown in Figure 2. In this case a large increase in the
amplitude of the original signal around second 18 can be
observed. This segment is considered to be spurious by the
algorithm since its RMS value is greater than the upper
stability threshold as described above.

As a result of applying this stability analysis to all
trajectories, stable portions were obtained from each of them.
The length of the stable signals was 21.08 ± 12.18 s, being
the minimum and maximum values of 1.55 s and 102.11 s,
respectively.

3.2. Rectification and Filtering. To obtain the low frequency
signal that modulates high frequency in theMER recordings,
the method previously explained was applied over the stable
segments of the signals.

As a result of full wave rectification, only positive values
of the signal are present. However, the mean of the signal is
then subtracted and then some samples may have negative
values. Subsequent filtering, with a 4th order Butterworth
low-pass filter with cutoff frequency at 100Hz softens the
signal, eliminating some of the original peaks. An example
of this processing is illustrated in Figure 3.

3.3. Comparison of the Power Spectral Estimation Methods.
Since the actual spectrum of the signals is unknown, the
results can only be evaluated by doing a comparison between
the estimations obtained by each of the methods. That is, the
bias of an estimate cannot be assessed without knowledge of
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Figure 2:MER recording of patient 2, left hemisphere, central electrode, at a distance from target of 0.524mm, processed to eliminate spurious
data. (a) Original record. (b) RMS values of 50ms signal segments; the red lines mark the limits corresponding to ±3 standard deviations of
the median. (c) Portion of signal considered stable by the algorithm.
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Figure 3: Low frequency modulation signal for patient 8, left hemi-
sphere, central electrode (at a distance from the target of 1636mm).
Blue: stable MER segment. Red: rectified and filtered signal.

the actual spectrum, but the differences in the variability of
the different methods or of the same method with different
parameters can be seen. Given that in studies where the
𝛽 power of MER signals is obtained ([5, 8–12]), there is a
systematic use ofWelch’s method with 1 s Hamming windows
and 50% overlap; that method is taken as a reference in this
study.

The goal of this comparison is to identify other methods
that could also be used for this application.

3.3.1. Qualitative Comparison. In order to perform a quali-
tative comparison, power spectral estimation of an example
signal, calculated with the different methods, is shown in
Figure 4. The goal is to make a visual comparison that
will be helpful to understand the statistical results that will
followed this section. The qualitative comparison provided
these results compared with Welch method with Hamming
windows of 1 s (Figure 4(d)):

(i) Periodogram. Figure 4(a) shows the great variability
of this estimationmethod comparedwith Figure 4(d).

(ii) Welch’s Method. In the case of 0.5 s Hamming win-
dows (Figure 4(b)), it can be seen that the spectrum
is very smooth; that is, it does not present great
variability.This agreeswith the fact that increasing the
number of segments improves the variance of the esti-
mate. However, this improvement implies some loss
in frequency resolution. Increasing the length of the
segments improves the frequency resolution. With
1.5 s Hamming windows (Figure 4(c)), the spectrum
is less smooth, as expected.

(iii) Multitaper Method. For multitaper NW = 2, the spec-
trum (Figure 4(e)) shows some variability. However,
when compared with the periodogram, variability in
this case is lower. Taking into account the fact that the
number of windows used is 2 ∗NW − 1 = 3, it can be
thought that these are not sufficient to significantly
reduce the variance of the spectral estimate. In case
of multitaper NW = 6 (Figure 4(f)), the variance is
smaller thanNW= 3, which is consistent with the fact
that increasing the number of windows improves this
feature. The number of windows used is 2 ∗ NW −
1 = 11. However, this estimated variance is still
considerably higher than that of Welch’s estimators.

From the observation of these estimations, and concern-
ing the AR model with Burg coefficients, in the case of
the AR model, 4th order, the spectrum (Figure 4(g)) shows
how the use of this parametric method implies an excessive
simplification of the system under study. The estimated
spectrum is completely smooth and has unlimited frequency
resolution, but its shape does not match the one given by
the other methods, which may indicate that bias is very
large (although the actual spectrum is not known, it is
more likely that it resembles the ones from nonparametric
methods rather than that of this approach). For theARmodel,
15th order (Figure 4(h)), the comparison shows an excessive
simplification of the system under study.
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(b) Welch: Hamming 0.5 s
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(c) Welch: Hamming 1 s
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(d) Welch: Hamming 1.5 s
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(e) Multitaper: NW = 2
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(f) Multitaper: NW = 6
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(g) AR order 4
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Figure 4: Results of different power spectral estimation methods apply to the signal from patient 5, left hemisphere, central electrode, at a
distance from target of 2.235mm.

3.3.2. Quantitative Comparison. Statistical comparisons of
the spectral estimations were performed with two different
datasets: average power and highest power.

Comparison of 𝛽 Band Average Power. Figure 5 compares
the different PSD estimation methods studied according to
their estimations of 𝛽 band average power. In this figure,
the value corresponding to Welch’s method with 1 s window
was selected. It can be seen that this method is significantly
different to AR models, but not to the rest of methods.

Table 1 summarizes the 𝑝 values of all of the pairs of
the compared methods. It can be seen that several non-
parametric PSD methods do not show significant differences
among them. The calculation of the periodogram was not
significantly different from those of Welch’s method with
0.5 s window (𝑝 = 0.9999), 1 s window (𝑝 = 0.2284), and
multitaper NW = 6 (𝑝 = 0.3520). On the other hand, for
Welch’s method, it can be emphasized that when using 1.5 s
window, the estimations obtained are not significantly differ-
ent from those obtained with 1 s window (𝑝 = 0.6453), but
they are different from those obtained with 0.5 s window (𝑝 =
0.0038). On the other hand, themultitaper estimators did not
show significant differences between each other (𝑝 = 0.1697)

Ranks of groups

AR order 15
AR order 4

Multitaper NW = 6
Multitaper NW = 2

Periodogram

0 1 2 3 4 5 6 7 8 9

Welch Hamming 0.5 Ｍ
Welch Hamming 1 Ｍ

Welch Hamming 1.5 Ｍ

Figure 5: Comparison between Welch’s method with 1 s windows
and the other estimators. Average power values in the 𝛽 band are
compared. Each circle represents the mean of one of the methods
and is accompanied by the bars that define a 95% confidence inter-
val. In blue, Welch’s method with 1 s windows; in red those methods
with which a significant difference has been found; and in gray the
methods that are not significantly different to the selected method.

and with Welch’s method with 1 s window (MTNW = 2: 𝑝 =
0.2741; MTNW = 6: 𝑝 = 1.0000) and 1.5 s window (MTNW
= 2: 𝑝 = 0.9992; MTNW = 6: 𝑝 = 0.4884).

With regard to parametric estimators, as expected, after
visual inspection of the obtained spectra, the estimations
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Table 1: Statistical results (p values) from the multiple comparisons of the PSD methods regarding average 𝛽 band power values. In bold,
significant values for 𝛼 = 0.05.

PGRM Welch 0.5 s Welch 1 s Welch 1.5 s Mult. 2 Mult. 6 AR 4 AR 15
PGRM - 0.9999 0.2284 7.3461 ∗ 10−4 5.2344 ∗ 10−5 0.3520 5.9881 ∗ 10−8 5.9881 ∗ 10−8

Welch 0.5 s 0.9999 - 0.4637 0.0038 3.4350 ∗ 10−4 0.6205 5.9881 ∗ 10−8 5.9881 ∗ 10−8

Welch 1 s 0.2284 0.4637 - 0.6453 0.2741 1.0000 5.9881 ∗ 10−8 5.9881 ∗ 10−8

Welch 1.5 s 7.3461 ∗ 10−4 0.0038 0.6453 - 0.9992 0.4884 5.9881 ∗ 10−8 5.9881 ∗ 10−8

Mult. 2 5.2344 ∗ 10−5 3.4350 ∗ 10−4 0.2741 0.9992 - 0.1697 5.9881 ∗ 10−8 5.9881 ∗ 10−8

Mult. 6 0.3520 0.6205 1.0000 0.4884 0.1697 - 5.9881 ∗ 10−8 5.9881 ∗ 10−8

AR 4 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 - 5.9881 ∗ 10−8

AR 15 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10-8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 -

Table 2: Statistical results (p values) from multiple comparisons of the PSD methods regarding 𝛽 band frequency values in which the
maximum power is reached. In bold, significant values for 𝛼 = 0.05.

PGRM Welch 0.5 s Welch 1 s Welch 1.5 s Mult. 2 Mult. 6 AR 4 AR 15
PGRM - 5.9881 ∗ 10−8 7.4812 ∗ 10−6 0.0037 0.9238 0.5155 0.9554 5.9881 ∗ 10−8

Welch 0.5 s 5.9881 ∗ 10−8 - 0.0487 3.0526 ∗ 10−4 5.9961 ∗ 10−8 7.1982 ∗ 10−8 5.9913 ∗ 10−8 5.9881 ∗ 10−8

Welch 1 s 7.4812 ∗ 10−6 0.0487 - 0.8801 0.0023 0.0306 0.0014 5.9881 ∗ 10−8

Welch 1.5 s 0.0037 3.0526 ∗ 10−4 0.8801 - 0.1680 0.5895 0.1262 5.9881 ∗ 10−8

Mult. 2 0.9238 5.9961 ∗ 10−8 0.0023 0.1680 - 0.9963 1.0000 5.9881 ∗ 10−8

Mult. 6 0.5155 7.1982 ∗ 10−8 0.0306 0.5895 0.9963 - 0.9906 5.9881 ∗ 10−8

AR 4 0.9554 5.9913 ∗ 10−8 0.0014 0.1262 1.0000 0.9906 - 5.9881 ∗ 10−8

AR 15 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 5.9881 ∗ 10−8 -

1 1.5 2 2.5 3 3.5 4 4.5 5 5.5
Ranks of groups

AR order 15
AR order 4
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Figure 6: Comparison between 1 s windowsWelch’smethod and the
other estimation methods. The values of the frequencies in which
the maximum energy in the 𝛽 band is obtained are compared. Each
circle represents themean of one of themethods and is accompanied
by the bars that define a 95% confidence interval. In blue, Welch’s
method with 1 s windows; in red, those methods with which a
significant difference has been found; and in gray, the methods that
are not significantly different to the selected one.

based on ARmodels presented significant differences with all
of the other methods and between each other (𝑝 = 5.9881 ∗
10−8).

Comparison of the 𝛽 Band Frequency Value with the High-
est Power. Figure 6 compares the different PSD estimation
methods studied according to the frequency of the 𝛽 band in
which the highest power appears. In this figure, once again,
the value corresponding to Welch’s method with 1 s window
was selected.

Table 2 summarizes the 𝑝 values of the paired compar-
isons among all of the methods. In this comparison, the

periodogram did not have significant differences with the
multitaper methods (MTNW = 2: 𝑝 = 0.9238; MTNW =
6: 𝑝 = 0.5155) and with the 4th order AR model (𝑝 =
0.9554), but it provided significant differences with all of the
others methods. Welch’s method with 1 s window was not
significantly different fromWelch’s method with 1.5 s window
(𝑝 = 0.8801), but it was significantly different to all others.
The multitaper estimations, as in the previous comparison,
did not present significant differences between each other
(𝑝 = 0.9963) nor with Welch’s method with 1.5 s window
(MTNW = 2: 𝑝 = 0.1680; MTNW = 6: 𝑝 = 0.5895), but
it shows differences with Welch’s method with 1 s window
(MTNW = 2: 𝑝 = 0.0023; MTNW = 6: 𝑝 = 0.0306).

Regarding parametric estimators, as in the previous com-
parison, ARmodels presented significant differences between
each other (𝑝 = 5.9881 ∗ 10−8).

3.3.3. Computational Cost Comparison. Since the final goal
of this work is to apply one of these methods for intraoper-
ative validation of the implantation’s optimal location, it is
necessary that signal processing is done in real time. Thus,
processing speed is a factor to consider.

The computation time of four of the estimators was
compared. The methods chosen for the calculation of the
computational cost were those that, from the previous com-
parisons, showed to be more suitable for the calculation of
the spectral estimation, that is, Welch’s method with 1 s and
1.5 s window and multitaper method with NW = 2 and NW
= 6. The evaluation of the computation time was done in
the signals from patient 1, left hemisphere, posteromedial
electrode, whose duration was 27.9987 ± 11.9316 s.
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Table 3: Computation times for the trajectory corresponding to
patient 1, left hemisphere, posteromedial electrode, whose duration
is 27.9987 ± 11.9316 s.

Method Computation times
Welch 1 s windows 1.1137 ± 0.4831 s
Welch 1.5 s windows 0.7253 ± 0.3168 s
Multitaper NW = 2 2.3227 ± 0.8811 s
Multitaper NW = 6 4.4735 ± 1.8008 s

The computational times required by each of these meth-
ods for the PSD estimation are summarized in Table 3.

4. Discussion

Comparisons were done in order to choose the best method
to perform an intraoperative validation that takes into
account frequency characteristics of MER recordings from
PD patients to be performed in real time.

First, it was necessary to compare different power spec-
trum estimation methods in order to identify methods that
could be used for this application. Since the actual power
spectrum of the analyzed signals is unknown, it is not
possible to evaluate an estimator by how close it is to the
ideality.Therefore, a comparison was made between different
estimators, taking as a reference the mostly used method
in the consulted bibliography ([5, 8–12]), which is Welch’s
method with 1 s Hamming window and 50% overlap.

The bias of an estimate cannot be assessed without
knowledge of the real spectrum, but the differences in the
variability of the different methods or of the same method
with different parameters can be seen. Here parametric and
nonparametric methods were considered.

Regarding parametric methods, the results obtained by
the AR models confirm the previous assumption that, with-
out making a much deeper study, these are not optimal
for processing MER recordings. Their results are not only
significantly different from the results of the other methods,
but they are also different from each other.

Regarding nonparametric estimates, although qualita-
tive comparisons showed certain morphological similarities
between allmethods, the quantitative analysis shows that they
may be significantly different from each other.

For the particular case of the periodogram, it presented
similarities with other nonparametric methods in the com-
parisons; however, it must be remembered that this is not
a consistent estimator and a high variance was observed in
the qualitative analysis. Although some of its results may not
be significantly different from those of other estimators, we
consider that it is not convenient to continue this work with
an inconsistent estimator, since other options are available.

On the other hand, regarding the mostly used method
in the consulted bibliography (Welch’s method with 1 s
Hamming windows and 50% overlap), the results of our
comparisons show that there are significant differences, at
least in one of the two comparisons, with all of the other tested
methods, except for Welch’s method with 1.5 s windows. This
means that it does have significant differences with the case

of 0.5 s windows, but—taking into account the qualitative
comparison—a reason for these differences can be found.
Welch’s method with 1 s window is a method with little
variance but sufficient resolution so as not to lose all of
the peaks. Estimations obtained with the same method but
other window sizes are morphologically similar, but the 0.5 s
windows provided a spectrum with no peaks. Having shorter
windows allows the method to further soften the spectrum,
but this can lead to missed peaks that should be taken
into account. This could explain why the results with 0.5 s
windows do not match those of the other window sizes when
comparing the frequency values in which the maximum
power in the 𝛽 band is obtained.

So, for Welch’s method, the results indicate that 1 s
and 1.5 s windows provide results that are not significantly
different from each other. Since this method with 1 s windows
is the most used in the consulted bibliography and given
that there are no significant differences with the one with
1.5 s windows, the possibility of working with one of these
estimators indistinctly could be considered.

As for the multitaper method, in first place, these esti-
mators do not present significant differences between them
in any of the two comparisons. On the other hand, in the
qualitative comparisons, it can be seen that these methods
give more variable results than Welch’s method. The quanti-
tative comparison reveals that they do not present significant
differences with Welch’s method with 1.5 s windows. If this
result is analyzed taking into account the explanation in the
previous paragraph, the use of multitaper methods for the
study of MER recordings could also be considered.

According to the statistical analysis performed, themeth-
ods that could be considered for PSD estimation in MER
recordings are multitaper with NW = 2 and NW = 6 and
Welch’s with Hamming windows of 1 s and 1.5 s.

However, in order to be able to do an intraoperative
validation of the electrode position during implantation surg-
eries, the 𝛽 band power detection must be achieved in real
time, that is, the shorter time possible.Thus, it is necessary to
explore algorithms that minimize PSD calculation time.

In order to select a single method, then, the computa-
tional cost of each of them was considered. The results show
that multitapermethods are computationally more expensive
than those of Welch. In addition, the comparison suggests
that Welch’s method with 1.5 s windows is the fastest: 35%
faster than Welch with 1 s windows and 617% faster than
MultitaperNW=2

.

5. Conclusion

In this study, a comparison was made between different PSD
estimation methods, taking into account a particular appli-
cation. MER signal processing and particularly its frequency
information can serve as an intraoperative validation tool for
best electrode placement during DBS electrode implantation
surgery in PD patients. The most used method for spectral
estimation in the literature is that ofWelch with 1 s Hamming
windows and 50% overlap.

In this study we compared different spectral estimators
and also the computational costs involved were taken into
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account. Finally, according to the discussion, we propose
Welch’s method with 1.5 s Hamming windows and 50%
overlap as the most appropriate real-time PSD estimator for
MER signals of PD patients.

Even though the selection was based on the idea of
performing an intraoperative validation in real time, the
methods were not applied online. To further test the utility
of the selected method, it would be appropriate to generate a
hardware set, in which the registration of the signals could be
simulated as if it was on the actual operating room, and the
𝛽 band power detection could be achieved in real time, while
the signals are being read. Moreover, it would be necessary to
ideate a convenient way to show this frequency information,
so that it could be easily read and understood by the medical
team.
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