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1. Introduction

Biometrics is aimed at recognizing individuals based on
physical, physiological, or behavioural characteristics of a
human body such as fingerprint, gait, voice, iris, and gaze.
Currently, the state-of-the-art methods for biometric authen-
tication are being incorporated in various access control
and personal identity management applications. While the
hand-based biometrics (including fingerprint) have been the
most often used technology so far, there is growing evidence
that electroencephalogram (EEG) signals collected during a
perception or mental task can be used for reliable person
recognition. However, the domain of EEG-based biometry
still faces the problems of improving the accuracy, robustness,
security, privacy, and ergonomics of the EEG-based biometric
systems and substantial efforts are needed towards develop-
ing efficient sets of stimuli (visual or auditory) that can be
used of person identification in Brain-Computer Interface
(BCI) systems and applications.

There are still many challenging problems involved in
improving the accuracy, efficiency, and usability of EEG-
based biometric systems and problems related to designing,
developing, and deploying new security-related BCI appli-
cations, for example, for personal authentication on mobile
devices, augmented and virtual reality, headsets, and Internet.

This special issue is aimed to introduce the recent
advances of EEG-based biometrics and addresses the chal-
lenges in developing the EEG-based biometry systems for

various practical applications, while proposing new ideas and
directions for future development, such as data preprocess-
ing, feature extraction, recognition, and matching; signal
processing and machine learning techniques; EEG biometric
based passwords and encryption; cancellable EEG biomet-
rics; multimodal (EEG, EMG, ECG, and other biosignals)
biometrics; pattern recognition techniques; protocols, stan-
dards, and interfaces; security and privacy; information
fusion for biometrics involving EEG data, virtual environ-
ment applications, stimuli sets, and passive BCI technology.

2. Computational Intelligence Techniques

This special issue 6 published original works selected from
13 submitted articles, addressing new trends in the field
from several novel methods and techniques used in different
applications, for instance, A. Gumaei et al. proposed a novel
method based on autoencoder and regularized extreme
learning machine to make recognition faster by reducing the
number of palmprint features without degrading the accu-
racy of the classifier, in which the results were high compared
to the recent studies and proved the robustness and efficiency
of the proposed technique.

R. Damaševičius et al. presented a cryptographic authen-
tication approach (using a dataset of electroencephalography
data collected from 42 subjects) based on the discrete log-
arithm problem and Bose-Chaudhuri-Hocquenghem codes
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for security analysis, showing that the proposed biometric
user authentication method presented satisfactory results.

K. A. A. Cruz et al. evaluated n-iterative exponential for-
getting factor for EEG signals parameter estimation, showing
the effectiveness of technique thought of the comparison of
three forms of iterative-recursive uses of the Exponential For-
getting Factor combined with a linear function to identify a
synthetic stochastic signal.

M. Fazlyyyakhmatov et al. investigated a cortical activity
during the cognitive task consisted of binocular viewing of a
false image, which is observed when the eyes are refocused
out of the random-dot stereogram plane (3D phenomenon)
and concluded that during stereo perception of the false
image the power of alpha-band activity decreased in the left
parietal area and bilaterally in frontal areas of the cortex,
while activity in beta-1, beta-2, and delta frequency bands
remained unchanged.

N. Yu et al. evaluated a new sparse coding algorithmusing
p-norm optimization in single-trial evoked potentials (EPs)
estimating, in which we can track the underlying EPs cor-
rupted by 𝛼-stable distribution noise, trial-by-trial, without
the need to estimate the 𝛼 value. Simulations and experi-
ments on human visual evoked potentials and event-related
potentials are carried out to examine the performance of the
proposed approach, concluding that the proposed method is
effective in estimating single-trial EPs under impulsive noise
environment.

R. D. de C. Silva et al. proposed a novel tool based on aug-
mented reality to reduce the stigma related to schizophrenia,
simulating the psychotic symptoms typical of schizophrenia
and simulating sense perception changes in order to create
an immersive experience capable of generating pathological
experiences of a patient with schizophrenia, presenting a
robust tool, quite realistic and, thus, very promising to reduce
stigma associated with schizophrenia by instilling in the
observer a greater comprehension of any person during
a schizophrenic outbreak, whether a patient or a family
member.
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Multispectral palmprint recognition system (MPRS) is an essential technology for effective human identification and verification
tasks. To improve the accuracy and performance of MPRS, a novel approach based on autoencoder (AE) and regularized extreme
learning machine (RELM) is proposed in this paper.The proposed approach is intended to make the recognition faster by reducing
the number of palmprint features without degrading the accuracy of classifier. To achieve this objective, first, the region of interest
(ROI) from palmprint images is extracted byDavid Zhang’smethod. Second, an efficient normalized Gist (NGist) descriptor is used
for palmprint feature extraction.Then, the dimensionality of extracted features is reduced using optimized AE. Finally, the reduced
features are fed to the RELM for classification. A comprehensive set of experiments are conducted on the benchmark MS-PolyU
dataset. The results were significantly high compared to the state-of-the-art approaches, and the robustness and efficiency of the
proposed approach are revealed.

1. Introduction

Biometrics is an effective technology used for security
purposes in many applications [1]. Recently, it has gained
more and more attention of researchers throughout the
world. A number of biometric traits, including fingerprint,
face, iris, gait, key-stroke, and palmprint, have been widely
used according to the suitability of the applications [2–4].
Comparing to other biometric traits, palmprint has a strong
stability, low distortion, and high uniqueness [5]. Unfortu-
nately, palmprint patterns may be affected by some factors,
such as variations in illumination, changes in orientation, and
sensor noise that may lead to misclassification. Variations
in illumination and changes in orientation of multispectral
palmprint images can extremely affect the capability of such
systems to recognize the individuals.

Several works have been proposed to solve these issues
by using different feature extraction, reduction, andmatching
methods. These works can be categorized into four groups:
line-based, statistic-based, subspace-based, and coding-
based approaches.

The line-based approaches are proposed to detect the
palmprint lines by using edge detectormethods. For example,
Han et al. [6] have proposed a method based on Sobel edge
detector with morphological operations to extract the line
features from palmprint images. Wu et al. [7] used the Sobel
mask to compute the magnitudes of palmprint lines and
project these magnitudes along both the 𝑥- and 𝑦-axes for
generating the histograms as discriminative features.

Statistic-based approaches are also proposed in different
studies and attained reasonable results [8–10]. There are sev-
eral statistics that have been used in this group of approaches,
such as Hu moments, Zernike moments, variance, mean,
standard deviation, energy and histograms of local binary
patterns. A number of transforms have also been utilized
to extract the useful features from palmprint images. For
example, Gan and Zhou [11] used a wavelet transform to
convert the palmprint image into a small number of wavelet
coefficients, then compute the variance and mean of these
coefficients, and generate a feature vector of palmprint image.
Li et al. [12] proposed a two-phase test sample representation
(TPTSR) method as feature extractor for effective palmprint
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recognition. A Coarse to Fine𝐾-Nearest Neighbor Classifier
(CFKNNC) is proposed by Xu et al. [13] to improve the
accuracy of palmprint recognition system. However, the
CFKNNC is a more complicated than FKNNC because it
consists of a large number of steps. Zhang and Gu [14]
proposed a novel palmprint recognition method based on
RBF kernel mapping function. In this method, a linear
combination of all training dataset in the feature space is used
to represent the testing dataset. A different set of methods
based on texture features of palmprint is also introduced by
some researchers in the area of palmprint recognition. These
methods are proposed to compute the statistical features
after extracting the palmprint textures using some filters and
transforms such as Gabor wavelet, Gaussian derivative filters,
wavelet transform, and Fourier transform. In this context,
Xu et al. [15] proposed a method for palmprint recognition
based on a quaternion matrix. This method utilized the
principal components analysis (PCA) and wavelet trans-
form for extracting the palmprint texture features from the
quaternion matrix. For palmprint matching, the Euclidean
distance classifier is used to compute the similarity between
the extracted features.

Subspace-based methods are used to extract subspace
features for improving the palmprint recognition system.
Various representative subspace learning approaches such as
principal components analysis (PCA), linear discriminant
analysis (LDA), and independent component analysis (ICA).
Lu et al. [16] proposed an approach to transform the original
palmprint images into a small feature space set, called
eigenpalms. In fact, the eigenpalms are the eigenvectors of
the PCA, representing the training dataset of the palmprint
images. In this method, Euclidean distance classifier is
used for matching. In [17], a vertical and horizontal two-
dimensional LDA (2DLDA) are applied to extract the Gabor
features, then a distance-based adaptive method is employed
to merge the vertical and horizontal features. Recently, Xu
et al. [18] proposed a multispectral palmprint recognition
approach using digital Shearlet transform and multiclass
projection extreme learning machine. The approach used
the singular value decomposition (SVD) to compute the
projection matrix from the training dataset, after that, 𝑘th
singular vector is extracted depending on the largest values
in the singular matrix. Lu et al. [19] presented a multispectral
palmprint recognition approach using fast and adaptive
bidimensional empirical mode decomposition (FABEMD)
methodwith tensor flow extreme learningmachine (TFELM)
classifier. In this approach, the multispectral images are
decomposed into their bidimensional intrinsic mode func-
tions by the FABEMD method; then the fusion coefficients
are constructed at the decomposition level by using weighted
Fisher criterion method. The experimental results of [18,
19] have demonstrated the capability of ELM classifier to
recognize the palmprint patterns. However, ELM is not
robust to translation, rotation, and other changes of palm-
print templates and needs some regularization parameters
for generality during the training phase. El-Tarhouni et al.
[20] proposed a method for multispectral palmprint feature
extraction. In this method, a kernel discriminant analysis
(KDA) is used to reduce the dimensionality of features. For

classification, a KNN classifier is used; however, it is not
robust to inter- and intraclass variations of palmprint.

Coding-based approaches are the fourth group which is
usually widely used in many works of palmprint recogni-
tion. Some coding methods are used to generate palmprint
codes such as palm code [5], fusion code [21], ordinal code
[22], competitive code [23], and Log-Gabor code [24]. For
instance, Kong et al. [21] proposed a method for encoding
the phases and responses of the six Gabor filters as a fusion
code which is used later for competition. Jia et al. [25]
proposed a robust line orientation code (RLOC) method
to extract the orientation features of palmprint. A modified
finite Radon transform is used in this method and the
extracted feature vector is utilized as a competitive code.
The classification step is performed using KNN classifier.
However, the large size of features may lead to overfitting
of palmprint classification. Hong et al. [26] proposed an
approach to extract the palmprint orientation features. In
this approach, rough feature and fine feature are extracted
usingBlockDominantOrientationCode (BDOC) andBlock-
basedHistogramofOrientedGradient (BHOG), respectively.
Unfortunately, this approach may be affected by changes in
illumination and shadowing of palmprint images. Fei et al.
[27] proposed a half orientation code (HOC) for palmprint
feature extraction.The authors used the half ofGabor filters to
represent the HOC. Another method in [28] is introduced to
extract the palmprint features based on a double orientation
code (DOC) of Gabor filters with nonlinear classifier for
matching. For evaluation, the methods in [27, 28] are tested
usingMS-PolyU database of multispectral palmprint images.

To improve the efficiency and performance of palmprint
recognition system, we propose a novel multispectral palm-
print recognition approach based on AE and RELM with
efficient NGist descriptor. NGist is an extended version of
Gist descriptor, used for describing the spatial envelope of the
palmprint image. In NGist descriptor, we added a new step,
named a variation tolerance step to cancel out the variation
of average intensity values computed from different blocks
of different scales and orientations. The variation tolerance
step normalizes the palmprint features using Euclidean norm
reducing the variations of features values due to changes
in illumination, shadowing, and orientations. Hence, it can
summarize the normalized features of scales and orientations
for different parts of an image, providing a normalized rough
description of the palmprint image. The NGist feature vector
has a high dimension of features that increases the complexity
of the classifier. To overcome this, we use the AE which not
only help in dimensionality reduction but also address the
nonlinearity of features. For recognition, a fast and robust
regularized extreme learning machine (RELM) classifier is
applied for palmprint recognition. In RELM classifier, a
Frobenius norm is adopted as a regularization parameter to a
trade-off between the approximated error and the regularized
degree of the training samples.

The remainder of the paper is organized as follows:
Section 2 explains the proposed multispectral palmprint
recognition approach. The main steps of the approach based
on NGist and AE with RELM are also introduced in this
section. Section 3 demonstrates the applicability of the
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proposed approach by a number of experimental models on
a public database of multispectral palmprint images, named
MS-PolyU. Finally, the conclusion and future work are sum-
marized in Section 4.

2. Proposed Approach for Multispectral
Palmprint Recognition

The improved palmprint recognition system is based on the
optimal spectral band which attains the highest recognition
rate. The proposed approach starts after segmenting the
region of interests (ROIs) from all spectral bands images by
using Zhang et al.’s method [5]. The main steps of the pro-
posed approach can be labeled as follows: NGist-based fea-
ture extraction, feature reduction usingAE, andmultispectral
palmprint classification based on RELM. Figure 1 shows the
diagram of the proposed approach and its fundamental steps.

In NGist-based feature extraction, we extract the palm
features by using effective NGist descriptor. Then, an opti-
mized AE method is adopted to reduce the size of the
extracted NGist feature vector (i.e., dimensionality of fea-
tures).

Finally, in the classification step, the correct recognition
of a person is accomplished when its palmprint image
matches a palmprint image of the same person in the
training dataset. While the incorrect recognition of a person
may happen when its palmprint image does not match any
palmprint image either for the same person or not ormatches
the palmprint image of another person in the training dataset.
The classification step of the proposed approach is based on
the RELM classifier. The advantages of RELM such as the
speed for training and testing and the generality achieved by
the regularization are exploited for improving the palmprint
recognition system.

2.1. NGist-Based Feature Extraction. Global image features
can be summarized by characterizing several substantial
statistics of the input image. One of the methods used for
feature extraction is the convolution process of the Gabor
filter with an image at different scales and orientations.
Consequently, the high and low frequency responses of
gradient directions are measured as discriminative features.
Taking the average intensity values of the convolution filter at
each scale and orientation generates the Gist feature vector of
an image. This feature vector is commonly being utilized for
the image classification [29–31].The first step of the proposed
feature extraction method is converting the input image into
a grayscale image. Then, the grayscale image is processed
by a whitening filter and normalized according to the local
contrast for preserving the main structural details. After that,
it passed through a number of 2D Gabor filters of 𝑚 scales
with 𝑛 orientations. The 2D Gabor filter function, 𝑔(𝑥, 𝑦),
and its Fourier function transform, 𝐺(𝑢, V), can be calculated
using (1) and (2), respectively:

𝑔 (𝑥, 𝑦)
= ( 12𝜋𝜎𝑥𝜎𝑦) exp[−12 ( 𝑥2𝜎𝑥2 +

𝑥2𝜎𝑦2) + 2𝜋𝑗𝑊𝑥] , (1)

where 𝑗 = √−1 and 𝑊 is the radial frequency of the Gabor
function.

𝐺 (𝑢, V) = exp{−12 [(𝑢 −𝑊)𝜎2𝑢
2 + V2𝜎2V ]} , (2)

where 𝜎𝑢 = (1/2)𝜋𝜎𝑥, 𝜎V = (1/2)𝜋𝜎𝑦; with the Gabor
functions, a complete and nonorthogonal basis set can be
formed. Using this basis set, the signals can be expanded to
provide with the best description of the localized frequency.
Consider 𝑔(𝑥, 𝑦) as a mother Gabor wavelet. Subsequently,
self-similar filter dictionary can be obtained by suitable
rotation and dilation parameters (orientation 𝜃 and scaling
factor 𝛼) of following function:

𝑔𝑚𝑛 (𝑥, 𝑦) = 𝛼−𝑚𝑔 (𝑥, 𝑦) , (3)

where 𝛼 > 1,𝑚, 𝑛 are integers and 𝑥 and 𝑦 are given by (4)
as

𝑥 = 𝛼−𝑚 (𝑥 cos 𝜃 + 𝑦 sin 𝜃) ,
𝑦 = 𝛼−𝑚 (𝑥 sin 𝜃 + 𝑦 cos 𝜃) , (4)

where 𝜃 = 𝑛𝜋/𝐾 and 𝐾 represents the number of orien-
tations. The scale 𝛼−𝑚 in (3) is aimed to guarantee that the
energy is independent of𝑚. The Gabor wavelets nonorthog-
onality indicates that there is a small redundancy among
information of the filtered images, and the following strategy
can be applied to reduce this redundancy of information.
Consider the lower and upper center interest frequencies are
indicated by 𝑈𝑙 and 𝑈ℎ. 𝐾 and 𝑆 represent the number of
orientations and the number of scales in the multiresolution
decomposition, respectively. Using (5), the projection of
filters in the design strategy can be used to ensure that
filter responses in the half-peak magnitude of the frequency
spectrum touch one another.

𝛼 = (𝑈ℎ𝑈𝑙 )
1/(𝑆−1) ,

𝜎𝑢 = (𝛼 − 1)𝑈ℎ(𝛼 + 1)√2 ln 2 ,

𝜎V = tan( 𝜋2𝐾)(𝑈𝐾 − 2 ln(2𝜎
2
𝑢𝑈ℎ ))

⋅ (2 ln 2 − (2 ln 2)2 𝜎2𝑢𝑈2
ℎ

)
−1/2

,

(5)

where 𝑊 = 𝑈ℎ and 𝑚 = 0, 1, . . . , 𝑆 − 1. For multispectral
palmprint feature extraction, Gabor filters with different
scales and orientations can be used for ensuring maxi-
mum information withminimum redundancy.The proposed
method uses 4 scales (𝑚 = 0, 1, 2, 3) and 8 orientations
(𝑛 = 0, 1, . . . , 7) of the Gabor wavelet, resulting in a total
of 32 Gabor images for each input image. These generated
images are divided into a 4-by-4 block. For each block, the
average intensity value is calculated to represent the feature of
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Figure 1: A diagram of the proposed approach for multispectral palmprint recognition.

K Compressed
Features

(Dimensionality
Reduction)

Encode

Decode

Input layer

Output layer

X

Hidden layer
Z

X

Figure 2: A simple autoencoder consists of a single hidden layer, input layer, and output layer.

that block. The final output is a concatenated features vector,
named Gist of 32 × 4 × 4 = 512 dimensions.

To cancel out the variation of average intensity values for
blocks computed from different scales and orientations, we
extend the traditional Gist descriptor by adding a new step,
called variation tolerance step. In this step, the Gist features
are normalized by using Euclidean norm as in Eq. (6). This
extended version of Gist descriptor is named a normalized
Gist (NGist) descriptor.

NGist = Gist

√∑512𝑖=1 |Gist (𝑖)|2 (6)

It is worth mentioning that we chose the Euclidean norm
because it is the natural norm associatedwith the dot-product
that measures the similarity between objects.

2.2. Feature Reduction Using AE. AE is a feedforward neural
network (FNN), utilized for unsupervised learning as an
efficient encoding algorithm [32, 33]. The goal of AE is
to learn the feature representation, especially for feature
dimensionality reduction. Figure 2 shows a simple form of
AE consists of a single hidden layer, input layer, and output
layer and.

In this subsection, a nonlinear AE is practically utilized
to reduce the dimensionality of the NGist feature vector. New
features from the extracted features of training and testing
data samples are produced, separately. There are several
parameters for AE should be tuned and prepared through

this step. The key parameters of AE include the activation
function, the number of hidden nodes, the weight decay and
regularization parameter, the weights of hidden nodes, the
amount of epochs to be iterated, and the learning rate.

Now, suppose that the structure of the AE as shown in
Figure 1, the input vector,𝑋 ∈ R512, represents the extracted
NGist feature vector, and the output, �̂� ∈ R512, represents the
reconstructed feature vector. Because we have only𝐾 hidden
nodes, the AE is subjected to learn a compressed feature
vector, 𝑍 ∈ R𝐾 (new feature vector), to recover 512-features
of input, 𝑋. This new feature vector will be the input to the
RELM for the classification task.

2.3. Multispectral Palmprint Classification Based on RELM.
RELM is a feedforward neural network (FNN) consists of a
single hidden layer, input layer and output layer. The weights
of the input layer will be initialized randomly and the weights
of the output layer can be computed arithmetically [34].

Suppose that 𝑋 ∈ R𝑁×𝐾 is a matrix of training dataset.
The RELM with 𝐾 hidden nodes and activation function,𝑔(𝑥), can be modeled by the following equation:

𝑜𝑗 =
𝐾∑
𝑖=1

𝛽𝑖𝑔 (𝑤𝑖 ⋅ 𝑥𝑗 + 𝑏𝑖) , 𝑗 = 1, . . . , 𝑁, (7)

where 𝑤𝑖 = [𝑤𝑖1, 𝑤𝑖2, . . . , 𝑤𝑖𝐾]𝑇is a weight vector which
connects each hidden node 𝑖 with all input nodes, 𝑤𝑖 ⋅ 𝑥𝑗
represents an inner product of 𝑤𝑖 and 𝑥𝑗, 𝑏𝑖 is a threshold of
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the 𝑖th hidden nodes, and 𝛽𝑖= [𝛽𝑖1, 𝛽𝑖2, . . . , 𝛽𝑖𝑁]𝑇 is a weight
vector between the 𝑖th hidden nodes and the output nodes.
The𝑁 data samples can be approximated with zero error by

𝑁∑
𝑗=1

𝑜𝑗 − 𝑡𝑗 = 0, (8)

where 𝑡𝑗 is an encoding of the user’s ID as a target vector.
In order to represent this encoding uniformly, we define the
target vector corresponding to users’ IDs (id𝑗) as

𝑡𝑗 = (𝑏1, . . . , 𝑏𝑖, . . . , 𝑏𝑚)𝑇 , (9)

where𝑚 is a number of users in the training set and 𝑏𝑖 is equal
to 1 or −1 depending on whether the related user’s ID belongs
to the corresponding IDs or not.

For example, suppose that there are three users (𝑚 = 3);
the users’ IDs, 𝑡𝑗∈(1,2,3) = (1, 2, 3), and the related target
vectors are as follows: 𝑡1 = (1, −1, −1)𝑇 belongs to the first
user, 𝑡2 = (−1, 1, −1)𝑇 belongs to the second user, and 𝑡3 =(−1, −1, 1)𝑇 belongs to the third user.

Equation (7) can be reformulated shortly as matrices by

𝑇 = 𝐻𝛽, (10)

where

𝐻 = [[[[
[

𝑔 (𝑤1 ⋅ 𝑥1 + 𝑏1) ⋅ ⋅ ⋅ 𝑔 (𝑤𝐾 ⋅ 𝑥1 + 𝑏𝐾)... ⋅ ⋅ ⋅ ...
𝑔 (𝑤1 ⋅ 𝑥𝑁 + 𝑏1) ⋅ ⋅ ⋅ 𝑔 (𝑤𝐾 ⋅ 𝑥𝑁 + 𝑏𝐾)

]]]]
]𝑁×𝐾

(11)

𝛽 = [[[[
[

𝛽𝑇1...
𝛽𝑇𝐾

]]]]
]𝐾×𝑁

,

𝑇 = [[[[
[

𝑡𝑇1...
𝑡𝑇𝑁

]]]]
]𝑁×𝐾

,
(12)

where 𝐻 is an output matrix of the hidden layer where each𝑖 column of 𝐻 represents the output of the 𝑖 hidden node
related to the inputs,𝑥1, 𝑥2, . . . , 𝑥𝑁.The parameters of hidden
nodes with nonzero activation functions, 𝑔(⋅), can be fixed
randomly and the output weights can be computed on any
input data sets [34, 35].

For testing phase, the output target matrix can be com-
puted by

𝑌 = �̂�𝛽, (13)

where �̂� is an outputmatrix of the hidden layer for the testing
dataset and 𝛽 is a matrix of weights for the testing dataset
which is computed as

𝛽 = (𝐻𝑇𝐻 + 𝜆𝐼)−1𝐻𝑇𝑇, (14)

where 𝐼 is an identitymatrix,𝐻𝑇 is a transposematrix of𝐻,𝑇
is a target output matrix, and 𝜆 is a regularizer parameter to
trade-off between the regularized degree and the estimated
error [36]. Frobenius norm is adopted as a regularization
method in our work.This is because its efficiency to deal with
sparse weights values.

For encoding the users’ IDs (multilabel), we define each
user’s ID by using a discriminative target function written as

𝑡𝑗 = arg
𝑖

max (𝑌) . (15)

Algorithm 1 describes the phases and steps of the classifica-
tion task of the proposed approach.

3. Experimental Models and Discussion

A complete set of experimental models are done on the
public database of multispectral palmprint, created by Hong
Kong Polytechnic University (MS-PolyU) [5]. To evaluate
and validate the robustness and efficiency of the proposed
approach, we systematically establish three different experi-
mental models during our experiments.

3.1. MS-PolyU Database Description. The database consists
of 24000 multispectral images of 250 people, each with
two different palms, taken under four varied illuminations:
red, green, blue, and NIR spectral bands. The images were
acquired from 55 females and 195 males in two separated
sessions. In every session, six images were collected for each
spectrum of each palm. The average interval time between
the two sessions was about nine days. So, there is in total 250
(volunteers) × 2 (different palms) × 4 (different spectra) × 6
(images) × 2 (sessions) = 24,000 images within theMS-PolyU
database. Figure 3 shows the ROI images of a palm sample
taken from the MS-PloyU database.

3.2. Parameters Setup. The number of hidden nodes in AE,𝐾AE, is fixed to 250, since it is enough to represent the
most important extracted features of palmprint. Another
most important parameter is the number of hidden nodes
within the RELM, 𝐾RELM. This parameter is selected using a
grid search technique depending on the maximum accuracy.
The grid search technique is done by using 71 different
numbers of hidden nodes, ranging from 800 to 1500 with a
commonnonlinear sigmoid activation function. Table 1 states
all parameters which are initialized in our experiments.

3.3. Experimental Model I. In this experimental model, six
samples images of each palm from the first session are taken
as a training dataset, while the six samples images of each
palm from the second session are taken as a testing dataset.
So, there is in total 3000 (500 × 6) training images and 3000
(500 × 6) testing images for each spectral band (red, green,
blue, and NIR illuminations). The results of recent previous
works, such as TPTSR [12], NFS [13], DWT [15], FABEMD +
TELM [19], LBP-HF + Gabor [20], Log-Gabor +𝐷Hamm [24],
and Log-Gabor +𝐷KL [24] are used to compare and evaluate
the results of the proposed approach according to this model.
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Input: the compressed features of AE for training and testing sets and parameters’ values
Output: the users’ IDs of the testing dataset
Training phase:
(1) Initialization step:

(i) Assign random values for the weights and biases of RELM
(2) Computational step:

(i) Compute the matrix,𝐻 of the hidden layer using Eq. (11)
(ii) Compute the matrix, 𝑇 of the training set using Eq. (10)
(iii) Compute the output weights, 𝛽 using Eq. (14)

Testing phase:
(1) Computational step:

(i) Compute the matrix, �̂� of the hidden layer using Eq. (11)
(ii) Compute the output target value, 𝑌 using Eq. (13)

(2) Classification step:
(i) Classify the testing user’s ID using Eq. (15) depending on whether this ID belongs to the user ID in the training set.

Algorithm 1: Multispectral palmprint classification based on RELM.

(a) (b) (c) (d)

Figure 3: ROI images of a palm sample from the MS-PloyU database: (a) blue, (b) green, (c) red, and (d) NIR.
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Figure 4: Recognition rates of blue spectral band using different numbers of RELM’s hidden nodes.

In this experimental model, we study the influence of
the number of hidden nodes on the recognition accuracy.
As we see in Figures 4–7, the highest recognition rates are
highlighted and marked as orange and red circles. Orange
circles mean that the highest accuracy value is equal to

the maximum accuracy (100%). In Figures 4 and 5, there
are a large number of high accuracy values, reaching the
maximum value for both blue and green spectral bands. For
red spectral band, there is only one maximum recognition
rate when the number of hidden nodes is 1270. Nevertheless,
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Figure 5: Recognition rates of green spectral band using different numbers of RELM’s hidden nodes.

0.8100
0.8200
0.8300
0.8400
0.8500
0.8600
0.8700
0.8800
0.8900
0.9000
0.9100
0.9200
0.9300
0.9400
0.9500
0.9600
0.9700
0.9800
0.9900
1.0000

Re
co

gn
iti

on
 R

at
es

900 1000 1100 1200 1300 1400 1500800
RELM’s Hidden Nodes

Figure 6: Recognition rates of red spectral band using different numbers of RELM’s hidden nodes.
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Figure 7: Recognition rates of NIR spectral band using different numbers of RELM’s hidden nodes.

the recognition rate, 99.97%, is also obtained with different
numbers of hidden nodes. For NIR spectral band in Figure 7,
the highest accuracy value is 99.83% which is repeated five
times with five different numbers of hidden nodes (870, 910,
1040, 1240, and 1480). Although this accuracy value did not
attain the maximum accuracy (100%), most of recognition
rates are higher than 99.50%.

To show the effectiveness of the proposed approach based
on AE and RELM using NGist features over the features of

the original Gist, we computed the recognition rates using
extracted features of both descriptors at different numbers of
RELM’s hidden nodes. Figures 8–11 reveal the improvements
of the proposed approach using NGist features over Gist
features. For NGist features, we notice that the proposed
approach achieves the maximum value of recognition rate
(100%) or nearest to this value at different numbers of RELM’s
hidden nodes demonstrated in Figures 4–7. On the contrary,
we note that the Gist features did not achieve the maximum
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Figure 8: Recognition rates of blue spectral band using extracted features of NGist and Gist at different numbers of RELM’s hidden nodes.
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Figure 9: Recognition rates of green spectral band using extracted features of NGist and Gist at different numbers of RELM’s hidden nodes.
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Figure 10: Recognition rates of red spectral band using extracted features of NGist and Gist at different numbers of RELM’s hidden nodes.

value of recognition rate at any number of RELM’s hidden
nodes. The reason of this improvement is due to the ability
of the proposed approach to cancel out the variations of
extracted features computed fromdifferent blocks of different
scales and orientations and improve the generalization to
changes in palmprint images.

Moreover, we can see in Table 2 and Figure 12 that the
proposed approach yields a highest recognition rate (100%)
for the blue, green, and red spectral bands. Also, it achieves a
recognition rate of 99.83% for the NIR spectral band. These
results are highlighted in bold font in Table 2. Consequently,

in the case of the blue spectral band, there is an improvement
of 21.87% compared to TPTSR, 2.7% compared to NFS, 6.17%
compared to DWT, 3.27% compared to FABEMD + TELM,
1.98% compared to LBP-HF + Gabor, 0.77% compared to
Log-Gabor + 𝐷Hamm, and 0.97% compared to Log-Gabor +𝐷KL.

In the case of the red spectral band, the results indi-
cate that the proposed approach achieves also impressive
improvements compared to the state-of-the-art approaches.
Even though this experimental model mimics the real life
situation where the system may be exposed to different



Computational Intelligence and Neuroscience 9

80
0

83
0

86
0

89
0

92
0

95
0

98
0

10
10

10
40

10
70

11
00

11
30

11
60

11
90

12
20

12
50

12
80

13
10

13
40

13
70

14
00

14
30

14
60

14
90

RELM’s Hidden Nodes

Proposed approach using NGist features
Proposed approach using Gist features

0.8
0.82
0.84
0.86
0.88

0.9
0.92
0.94
0.96
0.98

1

Re
co

gn
iti

on
 R

at
es

Figure 11: Recognition rates of NIR spectral band using extracted features of NGist and Gist at different numbers of RELM’s hidden nodes.
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Figure 12: Recognition rates of experimental model I.

Table 1: Parameters setup.

Network
Model Parameters

AE

A number of hidden nodes of AE is 𝐾AE = 250.
Encoder and Decoder transfer function is a logistic sigmoid function.

Maximum epochs = 10.
L2WeightRegularization = 0.004.

A loss function is a mean squared error function.
Training algorithm is a conjugate gradient descent.

RELM

A number of hidden nodes of RELM, is
𝐾RELM ∈ {800, 810, 820, . . . , 1500} .

A regularization parameter (𝜆) = exp(V𝑎𝑙), where
V𝑎𝑙 ∈ {−1, −0.9, −0.8, . . . , 0.9, 1}

An activation function is a nonlinear sigmoid function, 𝑔(𝑥) = (1/(1 + 𝑒−𝑥))
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Table 2: Comparison of recognition rates for the proposed approach with the state-of-the-art approaches for different spectral bands: blue,
green, red, and NIR according to experimental model I.

Method [Ref.] Recognition Rate (%)
Blue Green Red NIR

TPTSR [12] 78.13 98.02 98.58 98.34
NFS [13] 97.30 96.37 97.97 98.17
DWT [15] 93.83 93.50 95.20 94.60
FABEMD + TELM [19] 96.73 96.93 97.80 97.67
LBP-HF + Gabor [20] 98.02 98.37 98.74 98.67
Log-Gabor +𝐷Hamm [24] 99.23 99.10 99.30 99.33
Log-Gabor +𝐷KL [24] 99.03 98.90 99.13 98.93
Proposed Approach 100 100 100 99.83

Table 3: The EERs (%) of the proposed approach against some orientation-based methods.

Method [Ref.] ERRs (%)
Blue Green Red NIR

Palm code [5] 0.0463 0.0507 0.0297 0.0332
Fusion code [21] 0.0212 0.0216 0.0179 0.0213
Ordinal code [22] 0.0202 0.0202 0.0161 0.0180
Competitive code [23] 0.0170 0.0168 0.0145 0.0137
RLOC [25] 0.0203 0.0249 0.0223 0.0208
BDOC–BHOG [26] 0.0487 0.0418 0.0160 0.0278
HOC [27] 0.0147 0.0144 0.0131 0.0139
DOC [28] 0.0146 0.0146 0.0119 0.0121
Proposed approach 0.0001 0.0003 0.0007 0.0017

conditions, the proposed approach attains an interesting
result.

This is due to the strength of the proposed NGist des-
criptor for feature extraction. The approach has a high inde-
pendency to changes in illumination and orientation prob-
lems. Moreover, the advantages of AE to deal with the
nonlinearity of features and RELM to solve the overfitting
problem made the power of the proposed approach.

For further evaluation of the proposed approach, the
Equal Error Rate (EER) [5] is also used to assess the perform-
ance of the experimental results. It can be calculated accord-
ing to the average of False Accepted Rates (FARs) and False
Rejected Rates (FRRs) in different thresholds between 0
and 1. Usually, FAR is used to measure the possibility that
the biometric approach accepts incorrectly an attempt by
a user which is not registered as an authorized user. It is
arithmetically computed as the ratio of the number of false
acceptances divided by the number of recognition attempts.
Contrarily, the FRR metric is used to measure the possibility
that the biometric approach rejects incorrectly an attempt by
a user who is indeed registered as an authorized user. FRR
is computed as the ratio of the number of false rejections
divided by the number of recognition attempts. Table 3
exhibits the EERs of the proposed approach against the
orientation based methods in the literature review, including
competitive code, palm code, fusion code, ordinal code, and
recent methods such as RLOC, BDOC–BHOG, HOC, and
DOC on the four types of spectral bands. From Table 3, we

can see that the proposed approach achieves the lowest EERs
compared to the other methods in the state of the art on all
spectral bands.

Additionally, we notice that the proposed approach
achieves smaller EERs for the blue and green spectral bands
than the red and NIR bands.Themain possible reason is that
the features of the palmprint in the red and NIR bands are
very fine and need some level of sharpness to be more useful
for recognition.

3.4. Experimental Model II. To demonstrate the robustness
and efficiency of the proposed approach, we compare its
results with some state-of-the-art approaches that follow this
experimental model, namely, NFS [13], RBF [14], and LBP-
HF + Gabor [20] on the same benchmark database. In this
experimental model, the first three samples images of each
palm from the first session are taken as a training dataset
to form 1500 (500 × 3) images for each spectral band, and
the other six samples images of each palm from the second
session are used as a testing dataset of 3000 (500 × 6).
This is done for red, green, blue, and NIR spectral bands,
separately.

The results in Table 4 obviously demonstrate the advan-
tage of the proposed approach in terms of effectiveness and
robustness over other reported approaches. It offers attractive
recognition rates of 99.70% to 100%, which are highlighted
in a bold font in Table 4. With regard to the recognition
rates of blue, green, red, and NIR spectral bands, it can be
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Table 4: Comparison of recognition rates for the proposed approach with the state-of-the-art approaches for different spectral bands: blue,
green, red, and NIR according to experimental model II.

Method [Ref.] Recognition Rate (%)
Blue Green Red NIR

NFS [13] 95.10 92.87 95.40 95.63
RBF [14] 96.70 96.50 98.20 98.40
LBP-HF + Gabor [20] 97.70 97.44 98.24 98.57
Proposed Approach 100 99.93 99.93 99.70

Table 5: Comparison of average recognition rates for the proposed approach with the state-of-the-art approaches for different spectral bands:
blue, green, red, and NIR according to experimental model III.

Method [Ref.] Average Recognition Rate (%)
Blue Green Red NIR

MPELM [18] 98.58 99.05 99.45 99.21
ELM [18] 95.02 95.93 98.08 96.87
LPP + SMOSVM [18] 96.09 97.71 98.21 98.78
LPP + LSSVM [18] 95.75 97.45 97.96 98.22
Proposed Approach 100 99.97 99.99 99.93

observed that the proposed approach yields improvements of
2.3%, 2%, 1.69%, and 1.13% compared to the LBP-HF +Gabor
approach, which has the highest recognition rates against
other approaches.

In addition to the recognition rates of our approach, the
simplicity and efficiency compared to the LBP-HF + Gabor
approach make it a robust and efficient approach. Further-
more, the small simple size of training dataset which are taken
at different sessions and tested by a new test case is a rigorous
challenge. Actually, the robustness of NGist descriptor with
AE and RELM handles this challenge effectively. Figure 13
visualizes the recognition rates of this work compared to the
recent works that have high recognition rates.

3.5. Experimental Model III. Here, we take randomly three
images of each different palm from the two sessions as a
training dataset to form 1500 (500 × 3) images and the other
nine images are taken as a testing dataset with 4500 (500 ×
9) images. This model is done for each spectral band (blue,
green, red, and NIR). The results are evaluated repeatedly
for 30 times of random selection of the images in training
and testing phases. The average recognition rates will be had
as final results. The results of this model are compared with
results of recent work given in [18].

As we see in Table 5 and Figure 14, the proposed approach
achieves high average recognition rates of 100%, 99.97%,
99.99%, and 99.93%, regarding blue, green, red, and NIR
spectral bands, respectively. Similarly, it can be observed that
the proposed approach yields improvements of 1.42%, 0.92%,
0.54%, and 0.72%, compared to theMPELM approach.These
results indicate that the blue spectral band outperforms all
other spectral bands effectively, whereas the red spectral band
performs better than the green and NIR spectral bands.

3.6. Computational Cost. All experimental models have been
implemented using MATLAB R2015a on a laptop with

Table 6: Average execution time of the proposed approach steps for
one test sample (in seconds).

Step Average execution time (s)
Feature extraction 0.237
Feature reduction 0.000024294
Classification 0.000317

Windows 10 (x64), Intel Core i7-7500U with 2.7GHz CPU
processor, and 16GB RAM. Execution time of feature extrac-
tion, feature reduction, and classification is shown in Table 6.

We notice that the average execution time of all steps is
very small which makes the proposed approach is efficient
and fast enough for real time condition.

4. Conclusion and Future Work

A novel multispectral palmprint recognition approach is
proposed based on AE and RELM with an efficient extended
version ofGist descriptor, namedNGist.TheNGist descriptor
was applied to extract the features of palmprint, while AEwas
used to solve the problem of high dimensionality associated
with the NGist features.

Recognition rate of the proposed approach has been
evaluated using the public MS-PolyU database of multi-
spectral palmprint images. The experiments were performed
through three different experimentalmodels, proving that the
proposed approach attains higher recognition rates compared
to the recent methods in the state of the art. Moreover, it
has been observed that the blue spectral band outperforms
all other bands effectively, whereas the red and green bands
perform better than the NIR band in all three procedures.

Our next step is to extend the approach to handle
spoofing problem by using multispectral palmprint fusion
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techniques. Additionally, we will investigate the applicability
of pretrained deep learning models and transfer learning
concept for biometric multispectral palmprint recognition.
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Cryptographic frameworks depend on key sharing for ensuring security of data. While the keys in cryptographic frameworks must
be correctly reproducible and not unequivocally connected to the identity of a user, in biometric frameworks this is different. Joining
cryptography techniqueswith biometrics can solve these issues.Wepresent a biometric authenticationmethod based on the discrete
logarithm problem and Bose-Chaudhuri-Hocquenghem (BCH) codes, perform its security analysis, and demonstrate its security
characteristics. We evaluate a biometric cryptosystem using our own dataset of electroencephalography (EEG) data collected from
42 subjects. The experimental results show that the described biometric user authentication system is effective, achieving an Equal
Error Rate (ERR) of 0.024.

1. Introduction

Brain computer interface (BCI) is a highly growing field of
research with application in healthcare systems (from fall
prevention to neuronal rehabilitation) to educational, self-
regulation, production, marketing, and security as well as
games and entertainment. BCI aims to provide a channel of
communication that does not depend on the usual use of
peripheral nerves and muscles [1]. While the main intended
target application for BCI research is the development of
motor function independent prosthetic devices for impaired
patients, other applications of BCI, such as those for learning
[2], gaming [3, 4], or entertainment [5], raise the need for
ensuring the security and privacy of subjects using BCI sys-
tems. BCI systems are based onmeasurement of brain activity
on the surface (in case of noninvasive BCI) or inside (in case
of invasive BCI) of the human skull using electrodes. The
results of the measurement represent the sum of electrical
impulses emitted by a large number of brain’s neurons. Non-
invasive EEG signal is recorded by attaching the electrodes
to the head of a subject according to a given map such as
the 10–20 international system for the placement of EEG
electrodes.

Recently, BCI applications for biometrics have attracted
increased attention from the researchers. Biometrics provides
means for identifying people based on their physiological
characteristics [6]. Recently, there has been tremendous
growth in research on cryptography and biometric frame-
works because of incredible need for data security in
numerous applications, such as e-commerce, e-health, e-
government, e-voting, blockchain, law enforcement, digital
forensics, and homeland security. The goal is to verify the
identity of a subject using some characteristic of a subject.
In cryptographic frameworks, users use their passwords
or secret keys to protect their confidential data. However,
the use of passwords for identification has some well-
known drawbacks: textual passwords can be spied over
or cracked, and secret keys are too long and difficult to
memorize and can be stolen if stored somewhere. The down-
side of cryptography is that verification strategies are not
unequivocally connected to the person identity. Unlike cryp-
tography based authentication methods, biometrics using
behavioural and physiological characteristics such as iris,
fingerprints, electroencephalography (EEG) data, face, palm,
voice, and gait, is convenient and cannot be forgotten or
lost.
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The EEG-based subject identification is relatively new.
The advantages of using EEG for biometrics are its low expos-
ability (cannot be casually obtained or stolen by external
observers) and resistance to forced extraction because under-
stress brain activity changes [7]. They also can be used by
disabled patients or users missing some physical trait. Efforts
to develop biometric methods and systems based on the
EEG have targeted the development of subject condition
monitoring tools, for example, for detection of sleep apnea
[8], schizophrenia [9], or epilepsy [10]; the creation of BCI
systems to assist disabled people [11]; and marketing [12].
Analysts predict that the global EEG and electrocardiography
(ECG) biometrics market is to expand at a compound
annual growth rate of 12.37% during the period 2016–2020
[13].

The suitability of using EEG for privacy and security
applications can be attributed to morphological, anatomical,
and functional plasticity (behaviour-related lasting changes
in functional connections) traits [14], which contribute to dis-
criminability between subjects [15]. Several studies (mainly
from the fields of human physiology and genetics) have
confirmed that the spectral characteristics of the EEG alpha
waves (in the 8–12Hz range, which reflect relaxation and
disengagement) and the beta waves (in the 12–30Hz range,
related to action and concentration) of EEG show the
strongest heritability relationship [16].

The difficulties related to using EEG data are its instability
over time (the EEG permanence problem [17]). It is still
difficult to achieve high accuracy of EEG-based biometric
systems, which motivate researchers to explore new EEG
data analysismethods.However, the research community still
lacks knowledge on specific discriminant features of EEG
suable for biometry [18]. Up to now, the EEGpower spectrum
features were used to achieve relatively good classification
performance [18]. Several methods, which focus on the con-
cepts and methods adopted from the network science, such
as functional connectivity [19] and network organization
[20], have been proposed. Fuzzy commitment (FC) scheme
[21] can be used as a theoretical background for combining
cryptography and biometrics. In the FC scheme, a secret
key is linked to the reference biometric template, and the
difference vector is calculated in such way that the secret key
may be restored using the difference vector and the query
biometric template. Another approach is a fuzzy vault (FV)
based on polynomial reconstruction [22]. The FC and FV
schemes have been applied to biometrics before [23, 24].

Here we propose a secure EEG-based cryptographic au-
thentication scheme based on the commitment scheme
adopted from [25], provide a theoretical analysis of the secu-
rity characteristics of the proposed scheme, apply the scheme
to biometric systems to construct a biometric cryptosystem
using EEG signals, and evaluate it using our own dataset
recorded from 42 subjects. The rest of the paper is orga-
nized as follows. In Section 2 we present the state-of-the-art
overview of related work in EEG biometrics. We describe the
proposed method in Section 3. We state theorems regarding
the security characteristics of the cryptographic system in
Section 4. We describe the application of the method on
EEGdataset in Section 5.We present the experimental results

and their evaluation in Section 6. Finally, the conclusions are
given in Section 7.

2. State of the Art

Cognitive biometrics [26] uses brain signals as the source
of information for user identification (authentication). User
authentication is a process that ensures and confirms a user’s
identity in security systems. Using EEG signals for user
authentication can be effective with varying degrees of accu-
racy. For example, Fladby [27] used power spectral features of
alpha, beta low, beta high, and theta bands from just one EEG
channel of 12 subjects performing eight different tasks (from
simple relaxation to counting and reading) and a custom
feature based distance metric for subject discrimination,
achieving an EER of 21.42%. Palaniappan [28] used gamma
band of visually evoked potential (VEP) signals and the
neural network (NN) classifier to identify 20 individuals with
an average accuracy of 99.06%.

Liang et al. [29] extracted the AR features from 8 EEG
channels and used Support VectorMachine (SVM) to achieve
an accuracy of 45.52% to 54.96% for subject separation task
and an accuracy of 48.41% to 56.07% for subject identifica-
tion task. Marcel and Millán [30] implemented a Gaussian
mixture model (GMM) with maximum a posteriori (MAP)
estimation for 9 subjects, achieving a half total error rate
(HTER) of 6.6%.

Hema et al. [31] adopted feed forward NN for EEG using
Power Spectral Density (PSD) features from EEG beta waves
and reached an average accuracy of 94.4 to 97.5% on 6
subjects. He et al. [32] used a naı̈ve Bayes (NB) classifier with
autoregressive (AR) features and achieved a HTER of 6.7%
for 4 subjects.

Mu and Hu [33] used the back-propagation NN on data
derived from 6 channels of 3 subjects and achieved an 80.7%
to 86.7% accuracy. Brigham and Kumar [34] used linear
SVM classifier with the AR features and achieved accuracy
of 98.96% on 122 subjects tested. Hu [35] used the NN on
seven EEG signal features and obtained an 80% to 100% true
acceptance rate (TAR) and a 0 to 30% false acceptance rate
(FAR), while using data received from only 3 subjects.

Zúquete et al. [36] demonstrated the stability of EEG
biometrics using visual stimulus to measure visual evoked
potentials (VEP) and a combination of one-class classifiers
(OCCs), including 𝑘-Nearest Neighbor (kNN) and Support
Vector Data Description (SVDD). Ashby et al. [37] used
linear SVM with AR and spectral characteristics of EEG
signals from 14 EEG channels and achieved 2.4% to 5.1%
false rejection rate (FRR) and 0.7% to 1.1% FAR for 5-
subject authentication. Shedeed [38] used the NN on features
obtained by fast Fourier transform (FFT) and wavelet packet
decomposition (WPD) from 4 channels, achieving a 66%
to 93% correct classification rate (CCR) using data from 3
subjects.

Chuang et al. [39] recorded single-channel EEG signals
when a subject performs a custom task (e.g., singing or mov-
ing finger). The authentication system analyses the similarity
between such brain data and training data to authenticate
subjects, reaching about 99% accuracy. Yeom et al. [40]
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used Gaussian kernel SVM on the signal difference and time
derivative features from 18 EEG channels and managed to
achieve the accuracy around 86% on 10 subjects.

Dan et al. [41] used the polynomial kernel SVM based
on the AR model parameters calculated on the EEG signal,
recorded a single EEG channel, and obtained an accuracy of
65% to 75% on 13 subjects.

Delpozo-Banos et al. [18] used the functional connectivity
patterns to represent effective features for improving EEG-
based biometric systems and classification using Convolu-
tional Neural Network (CNN) and achieved 97.5% accuracy
in eyes-closed (EC) and 96.26% in eyes-open (EO) resting
state conditions states when fusing PSD information from the
parietooccipital (centroparietal in EO) parts of the brain of 10
subjects.

Abo-Zahhad et al. [42] achieved more than 99% authen-
tication accuracy by using single-channel EEG signals from
10 and 15 subjects. Koike-Akino et al. [43] achieved 72%
accuracy for 25-subject identification fromEEGusing a single
800ms epoch and partial least-squares (PLS) dimensionality
reduction method applied before quadratic discriminant
analysis (QDA) classification.

Crobe et al. [44] obtained good results in the EEG gamma
(EER = 0.131 and AUC = 0.943 in EO condition; EER = 0.130
andAUC=0.933 in EC condition) and high beta (EER= 0.172
and AUC = 0.905 in EO condition; EER = 0.173 and AUC =
0.906 in EC condition) frequency bands.

Several studies presented the fusion of EEG with other
modalities to get a multimodal biometric system such as in
[45, 46]. Also see a survey of security and privacy challenges
in BCI applications in [47]. EEG-based authentication was
also considered as a part of smart driving systems to verify
the driver’s identity on demand [48]. However, using EEG
brainwaves for authentication might result in risks for the
privacy of users. For example, authors in [49] propose an
authentication system that verifies an individual EEG signal
when a subject performs a custom task. They also design an
attack model by impersonating the thoughts of subjects to
test the robustness of the authentication system.An adversary
also can attack the authentication system via synthetic EEG
signals, which are generated using a model based on the
historical EEG data from a subject [50].

3. Description of EEG Biometry Method

First, we provide definitions required for understating of the
biometric authentication method as given in [25].

Definition 1 (discrete logarithm). Let 𝐺 be a finite cyclic
group of order 𝑛. Let 𝑔 be a generator of 𝐺 and let ℎ ∈ 𝐺.
The discrete logarithm of ℎ to the base 𝑔, log𝑔ℎ, is the unique
integer 𝑢, 0 ≤ 𝑢 ≤ 𝑛 − 1, such that ℎ = 𝑔𝑢.
Definition 2 (discrete logarithm problem (DLP)). Given a
prime number 𝑝, a generator of 𝑔 of 𝑧∗𝑝 , and an element
ℎ ∈ 𝑧∗𝑝 , find the integer 𝑢 such that ℎ = 𝑔𝑢 (mod𝑝).
Definition 3 (block code). A block code 𝐶(𝑛, 𝑘) over an
alphabet 𝐴∗ of 𝑤 symbols is a set of 𝑤𝑘 𝑛-vectors called

codewords. Associated with the code is an encoder {0, 1}𝑘 →
𝐶 which maps a message 𝑀, a 𝑘-tuple, to its associated
codeword.

Definition 4 (decoding function). Let 𝐶(𝑛, 𝑘) be a block code
set with 𝑤 = {0, 1}. A decoding function 𝑓𝑑 : {0, 1}𝑛 → 𝐶 ∪
𝜀 maps a message 𝑐, a 𝑛-tuple, to correct codeword 𝑐, if 𝑐
and 𝑐 are sufficiently close according to appropriate metric.
Otherwise, it maps it to invalid codeword 𝜀.
Definition 5 (hamming distance). Given code set 𝐶(𝑛, 𝑘), the
Hamming distance between twowords 𝑐𝑖 and 𝑐𝑗 from the code
set 𝐶 is given by

𝐻(𝑐𝑖, 𝑐𝑗) = 1
𝑛
𝑛∑
𝑟=1

𝑐𝑟𝑖 − 𝑐𝑟𝑗  . (1)

Definition 6 (error correction threshold). Error correction
threshold 𝑡𝜎 of the error-correcting code 𝐶(𝑛, 𝑘) is the largest
number of errors that can be corrected in the corrupted
codeword.

Definition 7 (statistical distance). Let 𝑋1 and 𝑋2 be two
random variables over the same space Ψ, and let 𝑃1 and 𝑃2
be their discrete probability distribution functions (PDFs).
Then, the statistical distance between 𝑃1 and 𝑃2 is as follows:

𝐷(𝑃1, 𝑃2) = ∑
𝜓∈Ψ

Pr (𝑋1 = 𝜓) − Pr (𝑋2 = 𝜓) . (2)

Definition 8 (Bose-Chaudhuri-Hocquenghem (BCH) codes).
Let 𝛼 be a primitive element of Galois field GF(𝑞𝑚). For
any positive integer 𝑖, let 𝑚𝑖(𝑥) be the minimal polynomial
of 𝛼𝑖 over GF(𝑞𝑚). The generator polynomial of the BCH
code is defined as the least common multiple 𝑃(𝑥) =
lcm(𝑚1(𝑥), . . . , 𝑚𝑑−1(𝑥)).

The method, proposed by [25] and adopted here for
EEG biometry, consists of three procedures: (1) Setup, which
outputs a public key, (2)Commit, which takes as input and the
message and outputs commitment to be sent and the opening
value to be used formessage verification, and (3)Open, which
outputs true if verification succeeds or false otherwise. Three
actors participate: the sender Alice, the receiver Bob, and the
trusted third party Trent, who generated system parameters
and publishes it to Alice and Bob parties.

Let 𝑀 be the space of messages to commit to. The first
stage is Setup stage (see Algorithm 1), where Trent generates
and sends the keys to Alice and Bob. The second stage is
Commit stage, where Alice sends Bob its commitment for
a private message 𝑚 ∈ 𝑀 and secretly holds an opening
value. The third stage is Open stage, where Alice sends Bob
the original message 𝑚 ∈ 𝑀 along with the opening value,
so that Bob can verify that the message committed in the first
stage was indeed 𝑚 ∈ 𝑀.

Definition 9 (commitment function). First we define the
commitment function 𝐹 : ({0, 1}𝑛 × {0, 1}𝑛) → ({0, 1}𝑛 ×
{0, 1}𝑛), defined as 𝐹(𝑐, 𝑥) = (𝜑, 𝛿); here 𝜑 = 𝐹𝑘(𝑚, 𝑥) =
𝑔𝑚ℎ𝑥 (mod𝑝) and 𝛿 = 𝑥 − 𝑐 is the difference vector.
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Input: Security parameter 𝑘.
(1) Generate randomly two prime numbers 𝑝 and 𝑞 of length 𝑘, such that 𝑝 = 1 (mod 𝑞)
(2) Choose randomly 1 ≤ 𝑎 ≤ 𝑝 − 1
(3) Compute 𝑔 = 𝑎(𝑝−𝑞)/2 ̸= 1 (mod𝑝)
(4) Choose randomly 1 ≤ 𝑏 ≤ 𝑞 − 1
(5) Compute ℎ = 𝑔𝑏 ̸= 1 (mod𝑝)
Output: Parameters 𝑝, 𝑞, 𝑔, ℎ

Algorithm 1: Initialization.

Definition 10 (commitment protocol). Commitment proto-
col 𝜋 is a scheme (for a message space 𝑀) defined by a triple
(Setup,Commit,Open) such that

(a) (𝑝, 𝑞, 𝑔, ℎ) ← Setup(⋅) generates the public commit-
ment key,

(b) for any 𝑚 ∈ 𝑀,(𝜑, 𝛿) ← Commit(𝑝,𝑞,𝑔,ℎ)(𝑚) is the
commitment/opening pair for 𝑚,

(c) Open(𝑝,𝑞,𝑔,ℎ)(𝜑, 𝛿) → 𝑚 ∈ 𝑀∪{𝜀}, where 𝜀 is returned
if (𝜑, 𝛿) is not a valid commitment to any message.

To set the system parameters, Trent executes the following
procedure.

Setup Procedure
(1) Trent generates two prime numbers 𝑝 and 𝑞 such that

𝑝 = 1 (mod 𝑞).
(2) Trent finds a random generator 𝑔 ∈ 𝐺𝑞 \ {1}, where

𝑔 ∈ 𝐺𝑞 is a subgroup of the order 𝑞 in 𝑍∗𝑝.
(3) Trent computes an element ℎ = 𝑔𝑎 ∈ 𝑍∗𝑝 \ {1}, where

𝑎 ∈ 𝑍𝑞 that is randomly chosen (ℎ is a generator element of
𝐺𝑞).

(4) Trent sends the system parameters (𝑝, 𝑞, 𝑔, ℎ) to Alice
and Bob.

Commit Procedure. To commit to a message 𝑚 ∈ 𝑀𝑘 ⊆ 𝑍𝑞
in the message space𝑀𝑘 ⊂ {0, 1}𝑘, Alice encodes the message
into a codeword 𝑐 = 𝑔(𝑚) ∈ 𝐶 ⊆ {0, 1}𝑛, chooses a random
witness 𝑥 ∈ 𝑋𝑛 ⊆ 𝑍𝑞 in the witness space 𝑋𝑛 ⊂ {0, 1}𝑛, and
then computes the commitment 𝐹(𝑐, 𝑥) = (𝑔𝑐ℎ𝑥, 𝑥 − 𝑐) =
(𝜑, 𝛿). The commitment is sent to Bob.

Open Procedure. To open the commitment (𝜑, 𝛿),Alice reveals
the witness 𝑥, which is in proximity to the original 𝑥 using
some metric distance (e.g., Hamming distance 𝐻(𝑥, 𝑥) ≤
𝑡𝜎). Using the difference vector 𝛿 the witness 𝑥 restores
the codeword 𝑓(𝑐) = 𝑓(𝑥 − 𝛿) = 𝑓((𝑥 − 𝑥) + 𝑐) and
then translates 𝑥 = 𝛿 + 𝑓(𝑐). Then Bob computes the
commitment 𝜑 = 𝐹𝑘(𝑓(𝑐), 𝑥) and verifies 𝜑 ?= 𝜑. In case
of failure, the commitment will not open using 𝑥. Otherwise,
the commitment is successfully opened and therefore the
secret message is 𝑚 = 𝑚 = 𝑔−1(𝑓(𝑐)).

4. Security Properties and Analysis of
the Proposed Scheme

Let 𝜋 = (Setup,Commit,Open) be a commitment scheme,
and its security properties are (i) correctness, i.e., for every
message the commitment generated is valid, (ii) hiding,
where any attacker cannot learn information from the com-
mitment c about the message m with any advantage (perfect)
or with a negligible advantage, and (iii) binding, where
the message 𝑚 is uniquely bound to 𝑐 (perfect) or finding
another message with the same commitment has negligible
probability of success. In further analysis, we assume that
both the codeword 𝑐 and the witness 𝑥 are drawn randomly
from the finite set {0, 1}𝑛.
Definition 11 (correctness). A commitment protocol 𝜋
defined by the quadruplet (𝑝, 𝑞, 𝑔, ℎ) is correct if, for all
messages 𝑚 ∈ 𝑀, Open(𝑝,𝑞,𝑔,ℎ)(Commit(𝑝,𝑞,𝑔,ℎ)(𝑚)) = 𝑚.

The hiding property of the biometrical scheme describes
the resilience of the system against adversarial attempts
performed by impostor FakeBob to crack codeword 𝑐 or the
witness 𝑥. We allege that impostor FakeBob knows 𝐹 and can
access the commitment (𝜑, 𝛿).

The binding property represents the resistance of the
system against adversarial attempts by an impostor𝐹𝑎𝑘𝑒𝐵𝑜𝑏∗
to guess a codeword 𝑐 with𝐻(𝑥, 𝑥) ≤ 𝑡𝜎, such that𝐹𝑘(𝑐, 𝑥) =
𝐹𝑘(𝑐, 𝑥) = 𝜑, for some 𝑥, 𝑥 ∈ 𝑋.

For hiding and binding, we have two different adversaries
[51]:

(i) the unhider U, which plays the hiding game and
has two abstract procedures, one to choose a pair of
messages and another to guess which of the two
messages corresponds to a given commitment;

(ii) the binder B, which plays the binding game and has
only a procedure to output two different pairs (mes-
sage, opening value) that bind to the same commit-
ment.

A commitment protocol satisfies the hiding security property
if no adversary exists such that the probability of winning the
hiding game is (significantly) better than a blind guess [51]. If
this is true, the committer is guaranteed that no information
can be inferred by the commitment itself.
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Figure 1: EEG-based user identification/authentication framework.

Definition 12 (hiding). Let 𝜋 = (Setup,Commit,Open) be
a commitment protocol. Then we can define the hiding
properties for adversary U as Pr(𝐺𝐻𝜋 (𝑛) = 1) = 1/2.
Hiding Game. The hiding game 𝐺𝐻𝜋 runs as follows:

(1)The adversaryU is given the output of Setup procedure
and asked to choose two messages.

(2) The game randomly selects one of them and calls
Commit procedure to compute its commitment.

(3)The adversaryU is asked to guess which one of the two
messages the commitment corresponds to.

(4) The game outputs 1 if the guess of the adversary U is
correct.

A commitment protocol satisfies the binding security
property if no adversary exists such that the probability of
winning the binding game is higher thannegligible [51]. If this
is true, the receiver is guaranteed that the value committed
cannot be changed.

Definition 13 (binding). Let 𝜋 = (Setup,Commit,Open) be
a commitment protocol. Then one can define the binding
properties for each adversary B as Pr(𝐺𝐵𝜋(𝑛) = 1) = 0.
Binding Game. The binding game 𝐺𝐵𝜋 runs as follows:

(1)The adversary B is given the output of Setup procedure
and asked to bind two messages to the same commitment
value.

(2) The game outputs 1 if the two messages differ and the
commitment is valid for both themessages, that is, if both can
be verified by calling the Open procedure.

5. Application of the Method in
EEG-Based Biometric System

Here we present the biometric cryptosystem using the EEG
signals. Its implementation consists of the system initializa-
tion stage, the enrolment stage, and the authentication stage
as represented in Figure 1.

At the start of enrolment (see Algorithm 3), the user EEG
biometrics is acquired, and feature extraction is performed
using the EEG encoding algorithm, which outputs a 400-
bit EEG code. We use the EEG features derived from the
covariance matrix of EEG data from different EEG channels
in the 10–20 international system. The covariance matrix is
calculated from 𝑁 channels in matrix as follows:

cov (𝑋) = 1
𝑁
𝑁∑
𝑘=1

(𝑋𝑖,𝑘 − 𝑋𝑖) (𝑋𝑗,𝑘 − 𝑋𝑗) , (3)

where𝑋𝑖 holds the mean of all observations in the respective
EEG channels.

Next, we compute 𝑧-scores of the values in the covariance
matrix as follows:

𝑧𝑖,𝑗 = cov𝑖,𝑗 − (1/𝑁)∑𝑁𝑖=1 cov𝑖,𝑗
√∑𝑁𝑖=1 (cov𝑖,𝑗 − (1/𝑁)∑𝑁𝑖=1 cov𝑖,𝑗)2/ (𝑁 − 1)

; (4)

here cov𝑖,𝑗 is an element of the covariance matrix.
And perform normalization of 𝑧-score values of the

covariance matrix into the range [0, 1] as follows:
𝑍norm = 𝑍 − min (𝑍)

max (𝑍) − min (𝑍) . (5)

Finally, we perform the binarization of data using threshold-
ing as follows:

𝑍bit (𝑖, 𝑗) = {
{{

0, [𝑧𝑖,𝑗 < 0.5]
1, [𝑧𝑖,𝑗 ≥ 0.5] ; (6)

here [⋅] is the Iverson bracket operator.
The result is a matrix that contains binary codeword of

400 bit length (obtained from 20× 20 covariancematrix).The
procedure is summarized in Algorithm 2.

At the same time, a random cryptographic key 𝜅 ∈ {0, 1}𝑘
is prepared using a BCH(. . . , 𝑘) error correction encoded
function {0, 1}𝑘 → 𝐶. The result is a codeword 𝑐 ∈
BCH(. . . , 𝑘), which is combined with reference EEG code
(both have 400 bits of length).

Authentication phase is described in Algorithm 4. The
input EEG biometric 𝐵EEG is acquired from a person, result-
ing in a test EEG code 𝑥test. The test EEG code 𝑥test with
“exclusiveOR” denoted as⊕ extracts the codeword 𝑐 = (𝑥test⊕𝑥ref ) ⊕ 𝑐. Once it is extracted, the error correction decoded
function of BCH(. . . , 𝑘) is used to compute𝑓(𝑐) = 𝑓(𝑥test⊗𝛿).
Function𝑓(𝑐) is used to compute 𝑥test = 𝛿 ⊗ 𝑓(𝑐) = 𝑥ref (𝑐 ⊕
𝑓(𝑐)). Nonvalid user will receive a codeword 𝑓(𝑐), such that
𝐻(𝑓(𝑐), 𝑐) > 𝑡𝜎. Then 𝜑 = 𝐹𝑘(𝑓(𝑐), 𝑥test) is computed and
matched against the stored 𝜑. If 𝜑 = 𝜑, then the sample 𝑥test
is accepted and the key 𝜅 is released. Otherwise, the identity
of a person is rejected.

The biometric scheme is summarized in Figure 2.

6. Experimental Results and Discussion

The implementation of the proposed scheme was made in
MATLAB 8.6.0.267246 (R2015b) on an Intel (R) Core (TM)
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Input: EEG channel signal values
(1) Calculate covariance matrix of EEG channels.
(2) Calculate 𝑧-scores of covariance matrix values.
(3) Normalize 𝑧-scores.
(4) Binarize 𝑧-scores into EEG code using zero value as threshold.

Output: EEG code 𝑥ref

Algorithm 2: Encoding.

Input: EEG biometric 𝐵EEG and cryptographic key 𝜅.
(1) Extract EEG code 𝑥ref from the EEG biometric data 𝐵EEG.
(2) Prepare the cryptographic key 𝜅 using BCH codes and obtain the codeword 𝑐.
(3) Compute the difference vector 𝛿 = 𝑥ref ⊕ 𝑐.
(4) Compute the commitment 𝜑 = 𝐹𝑘(𝑐, 𝑥ref ).
Output: (𝜑, 𝛿)

Algorithm 3: Enrolment.

Input: EEG biometric 𝐵EEG and fuzzy commitment (𝜑, 𝛿).
(1) Extract EEG code 𝑥test from EEG biometric 𝐵EEG.
(2) Compute the codeword 𝑓(𝑐) = 𝑓(𝑥test ⊗ 𝛿)
(3) Compute 𝑥test = 𝛿 ⊗ 𝑓(𝑐)
(4) Compute 𝜑 = 𝐹𝑘(𝑓(𝑐), 𝑥test)
(5) Check 𝜑 ?= 𝜑
Output: The user is authenticated or rejected.

Algorithm 4: Authentication.

Figure 2: Summary of the proposed EEG biometric scheme.

i5-4590 CPU (x64), running at 3.30GHz with 12GB of RAM
in Windows 10 Enterprise ver. 1709. For the performance
evaluation, we have used a dataset that consists of 65 EEG
samples from 42 different subjects, where each sample con-
sisted of 1000 signal values. The number of subjects satisfies
the condition of Lazar et al. [52], who stated that studies
using data collected from 20 or more participants are more
convincing than those performed with a lesser number of
participants. The EEG data we use in this study was collected
from 42 healthy adults. During data collection, the subjects
were instructed to lie still on a table and breathe normally.The
data was collected using a medical-grade EEG device from

Figure 3: Electrode locations for collection of EEG data.

the electrodes attached to subjects following the international
10–20 standard, which are depicted as circles in Figure 3.The
sampling rate was 256 s−1.

To perform code matching, we computed the Hamming
distance between two EEG codewords 𝐴 and 𝐵 as follows:

𝐻 = 1
𝑛
𝑛∑
𝑖=1

(code (𝐴 𝑖) ⊕ code (𝐵𝑖)) ; (7)

here code(𝐴 𝑖) and code(𝐵𝑖) are the 𝑖th bit in EEG codes of
persons 𝐴 and 𝐵, respectively.
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Figure 4: Probability density functions Hamming distances be-
tween the same person and the different persons.

The intrapersonHamming distances have been computed
using EEG samples from the same subjects, while the inter-
person Hamming distances were computed using samples
from different subjects. We carried out 65 comparisons for
the same subjects and 118,335 comparisons between different
subjects. The result of the probability distribution function
(pdf) of the intraperson and interperson Hamming distances
is shown in Figure 4. One can see that up to 87 bits of error
(intersection of both graphs) are tolerated.

We use the following scenarios as suggested by Gui et al.
[53].

Scenario 1. The aim is to identify correctly each of the 42
subjects participating in the study. The training and testing
datasets include data from all 42 subjects and the classifica-
tion outcome belongs to one of 42 classes.

Scenario 2. The aim is to identify one subject versus all
other 41 subjects. There are only two classes: positive (target
subject) and negative (all other subjects).The training dataset
was combined using the data from all subjects and the
performing resampling so that both classes are balanced.

Evaluation. Following the suggestion of Jorgensen and Yu
[54], we use FalseAccept Rate (FAR), False Reject Rate (FRR),
and Equal Error Rate (EER) as key effectivenessmetrics of the
biometric system. FAR and FRR describe whether the system
correctly identifies the subject. ERR specifies the error rate
where the values of FAR and FRR become equal. The metrics
are calculated as follows:

FRR = |FR|
|AA| ,

FAR = |FA|
|IA| ;

(8)

here |FR| is the number of false rejections, that is, falsely
rejecting a verification attempt of a valid subject, |AA| is the

0.4

0.5

0.6

0.7

0.8

0.9

1

Ac
cu

ra
cy

3519 2517 27 331511 3721 23 39312913 4173 51 9
Subjects

Figure 5: Subject-wise correct classification rate.

number of authorized attempts, |FA| is the number of false
acceptances, i.e., falsely accepting the claim of an impostor
as a valid user, and |IA| is the number of attempts by an
impostor.

The performance is evaluated using the correct classifica-
tion rate (CCR) as follows:

CCR = |𝐶|
|𝑇| ; (9)

here |𝐶| is the number of correct classification decisions and
|𝑇| is the number of trials.

EER is defined as a unique point where FRR is equal to
FAR. A lower EER indicates a more accurate system.

EER = FAR (𝑇∗) = FRR (𝑇∗) ; (10)

here 𝑇∗ = argmin(|FAR(𝑇) − FRR(𝑇)|)
This ensures that the threshold found will satisfy the

equality condition between FRR and FAR as closely as
possible.

We have implemented both Scenarios 1 and 2 testing, as
subjected by Gui et al. [53]. In Scenario 1, CCR for each of the
subjects is presented in Figure 5.

Note that while the overall accuracy is quite good (mean
accuracy 0.895), for some of the subjects, it was quite low (e.g.,
only 0.446 for subject 15). This result may have been caused
by the infamous BCI illiteracy effect [55]. Nevertheless,
when inspecting the cumulative distribution plot of accuracy
distribution (see Figure 6), we can see that 50% of subjects
have accuracy higher than 0.93, while only 10% of subjects
have accuracy lower than 73%.

As accuracy data is not normally distributed, the Fisher
𝑍-transformation was applied to calculate population mean
and standard deviation, yielding the mean accuracy of 0.892
with standard deviation of 0.135.

The subject-wise confusionmatrix is presented in Figures
7 and 8. As the number of subjects is too high for meaningful
visualization, the confusion matrix was sorted according to
its diagonal value (correct hits), and the values for only 10
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Figure 8: Subject-wise confusion matrix of classification results in
Scenario 1: 10 best performing subjects.
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Figure 10: FAR and FRR of the proposed EEG biometric system.

worst performing subjects (Figure 7) and 10 best performing
subjects (Figure 8) are shown.

For Scenario 2, the confusion matrix is presented in
Figure 9. We can see that True Positive Rate (TPR) is 0.9974.
We have evaluated the confusion matrix statistically using
the McNemar test. Critical value at 95% significance level is
3.8415. McNemar chi-square with Yates correction is 0.001,
while 𝑝 = 0.966. Therefore, the results are significant at alpha
= 0.05 level.

The values for FAR, FRR, and ERR are represented in
Figure 10.

The Area Under Curve (AUC) is calculated as the area
under the Receiver Operating Characteristic (ROC) [56]
curve and represents discrimination, that is, the ability of the
classifier to discriminate between a positive example and a
negative example.

We have achieved the following results, which are sum-
marized in Table 1.



Computational Intelligence and Neuroscience 9

Table 1: Summary of classification results.

TAR FRR ERR AUC TPR
0.8952 0.026 0.024 0.9271 0.9974

Table 2: Comparison of the proposed method with the Fladby’s
method [27].

EER (proposed
method + our
dataset)

EER (Fladby method
+ Fladby dataset)

EER (Fladby method
+ our dataset)

0.024 0.2142

0.3059 (mean, all
channels)

0.2945 (Fp1)
0.2283 (best, P4)

Comparison. In Table 2 and Figure 11, we compare our results
with those of Fladby [27]. Note that Fladby used a simple EEG
reading device (NeuroskyThinkGear) with only one channel
of EEG data (Fp1), which may be affected by eye artefacts.
Sampling frequency was only 128Hz, and 20 seconds of
signal samples for each of eight different tasks was used for
authentication, which is unpractical for many applications.
Nevertheless, the method of Fladby [27], which employs
widely used power spectral features of EEG bands, can be
considered as a baseline, against which our method could
be compared. We have thoroughly replicated the conditions
of the experiment by Fladby on our dataset, using the same
number of samples (2560) for each snippet of subject EGG
data and a feature based distance metric to discriminate
between genuine and fraudulent authentication results, and
calculated the EER value. Note that our method uses all 20
EEG channels of the 10–20 international system, while Fladby
used only one EEG channel. Nevertheless, we have replicated
the calculations of the Fladby’s method on each EEG channel
tomake a fair comparison.The results are presented inTable 2
as well as in Figure 11. Fladby’s method achieved mean ERR
of 0.3059, while the Fp1 channel originally used by Fladby
achieved an ERR of 0.2945, and best ERR was achieved using
the P4 channel (0.2283). Note that we could not apply our
method on Fladby’s data, because it is not available.

Based on the presented comparison, we can claim that
the proposed method achieved better results for subject
authentication than the Fladby [27] method.

7. Conclusion

This paper presents a secure cryptographic authentication
scheme for EEG-based biometrics based on the fuzzy com-
mitment scheme and the error-correcting Bose-Chaudhuri-
Hocquenghem (BCH) codes. The EEG features are derived
from the covariance matrix of EEG data from different EEG
channels in the 10–20 international system. The biometric
systemwas evaluated using the EEGdataset obtained from42
subjects. The experimental results show that the system can
generate up to 400 bits of cryptographic key from the EEG
codes, while tolerating up to 87 bits of error.The performance
of the biometric cryptosystem is an Equal Error Rate (EER)
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Figure 11: Comparison of EER of our method and Fladby’s method
[27] for each EEG channel.

of 0.024, True Positive Rate (TPR) of 0.9974, and Area Under
Curve (AUC) of 0.927.
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Estimating single-trial evoked potentials (EPs) corrupted by the spontaneous electroencephalogram (EEG) can be regarded as signal
denoising problem. Sparse coding has significant success in signal denoising and EPs have been proven to have strong sparsity over
an appropriate dictionary. In sparse coding, the noise generally is considered to be a Gaussian random process. However, some
studies have shown that the background noise in EPsmay present an impulsive characteristic which is far fromGaussian but suitable
to be modeled by the 𝛼-stable distribution (1 < 𝛼 ≤ 2). Consequently, the performances of general sparse coding will degrade or
even fail. In view of this, we present a new sparse coding algorithm using 𝑝-norm optimization in single-trial EPs estimating. The
algorithm can track the underlying EPs corrupted by 𝛼-stable distribution noise, trial-by-trial, without the need to estimate the 𝛼
value. Simulations and experiments on human visual evoked potentials and event-related potentials are carried out to examine the
performance of the proposed approach. Experimental results show that the proposed method is effective in estimating single-trial
EPs under impulsive noise environment.

1. Introduction

Evoked potentials (EPs) are time-locked biological signals
recorded from the scalp in response to a variety of well-
defined external stimuli [1]. Depending on the modality
of stimulation, EPs are categorized into auditory (AEPs),
visual (VEPs), somatosensory (SEPs), and motor (MEPs)
evoked potentials. EPs contain several components that can
be distinguished according to their respective latencies and
amplitudes [2].The latency variations of specific components
can objectively reflect changes in the underlying state of
the neural pathways, which is very meaningful in cognitive
science research and clinical applications, such as brain-
computer interface, the diagnosis of possible brain injury,
and the intraoperativemonitoring [3, 4].Many single-trial EP
extracting methods have been proposed in order to enhance
the ability to track latency variations [5].

EP signals have time-locked (quasi-periodic) character-
istics and are always accompanied by nonstationary ongoing
electroencephalogram (EEG) signals. Moreover, the signal-
to-noise ratio (SNR) of EP records is usually low (0 to−30 dB). Estimating single-trial EPs corrupted by EEG can

be regarded as signal denoising problem. Sparse coding is a
powerful tool for the analysis of nonstationary signals [6, 7];
it has achieved significant success in signal denoising and
separation.Huang et al. [8] proposed themixed overcomplete
dictionary-based sparse component decomposition method
(MOSCA), which decomposes the EP and EEG signals in
the wavelet dictionary (WA) and discrete cosine transform
(DCT) dictionary, respectively. However, the WA and DCT
dictionaries cannot meet completely the characteristics of
EPs and EEG. Their partial components are represented by
the wrong dictionaries and their corresponding coefficients.
Therefore, MOSCA cannot separate the EP and EEG signals
sufficiently. To solve this problem, we proposed a dictionary
construction method for the EP signal and a double-trial
estimation method based on joint sparse representation [9].

Traditionally, for mathematical convenience, the noise in
EP signals is considered to be a Gaussian random process.
However, some studies have shown that the background
noise in clinical EP signals is often impulsive non-Gaussian
distributed [10]. Consequently, the EP estimation algorithms
developed under a Gaussian background noise assumption
may fail or be not optimal. That is, the impulsive feature in
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Figure 1: Stimulated EP.

the noise may cause the performance of algorithms based
on the second-order moment (SOM) to degrade or even fail.
The 𝛼-stable distribution is a widely used class of statistical
distributions for impulsive non-Gaussian random processes
[11]. In comparison with a Gaussian process, an 𝛼-stable
process often has many more sharp spikes in its realization
and a probability density function (PDF) with a heavy tail
[12, 13]. It has been shown that an𝛼-stable (1 < 𝛼 ≤ 2) process
is more suitable for modeling the background noise in EP
observations than is a Gaussian process because the noise is
often impulsive and its PDF has a heavy tail.This will degrade
the performance of the sparse coding algorithm.

In this paper, we present a novel approach to solving the
EP estimating problem under impulsive noise environment
based on sparse coding using least mean 𝑝-norm (SC-LMP)
optimization. It has been proven that least mean 𝑝-norm
algorithm always works if 𝑝 is set to 1 when 1 < 𝛼 ≤ 2
[14]. So in SC-LMP, in order to facilitate solving the sparse
coefficients, the 1-norm is used in place of the 𝑝-norm.
We then formulate the minimization of the cost function
into a linear programming (LP) problem. The EPs can be
reconstructed by the sparse coefficients and the dictionary.
Experimental results show that the SC-LMP algorithm can
work well when the 𝛼 value dynamically changes. It can track
latency variations even in situations of extremely low SNR.
The rest of this paper is organized as follows. Section 2 gives a
detailed description of our single-trial estimation algorithm.
Section 3 contains our experimental results obtained by using
the SC-LMP method and a comparison with traditional
sparse coding methods with least-mean-square (LMS) opti-
mization and MOSCA. Section 4 presents our conclusions.

2. Single-Trial Evoked Potential
Estimation with SC-LMP

Numerous studies have shown that in EPs the background
noise is found to be non-Gaussian and suitable to bemodeled
by the 𝛼-stable distribution. The main parts of our method
consist of removing the noise 𝑒(𝑡) from the measurement

𝑦(𝑡) and then reconstructing the single-trial EP 𝑠(𝑡). The
measurement 𝑦(𝑡) is

𝑦 (𝑡) = 𝑠 (𝑡) + 𝑒 (𝑡) , (1)
where 𝑠(𝑡) is a time-locked signal and 𝑒(𝑡) is a zero-mean 𝛼-
stable distribution process. A fractional lower-order 𝛼-stable
(FLOA) distribution is obtained if 0 < 𝛼 < 2 for an 𝛼-stable
distribution. One distinct feature of an FLOA process is that
there aremore samples far away from themean or themedian
than those of a Gaussian process. Thus, the wave forms of
FLOA observations have many more impulsive spikes.

2.1. 1-Norm Cost Function. Estimating single-trial evoked
potentials (EPs) corrupted by the spontaneous electroen-
cephalogram (EEG) can be regarded as signal denoising
problem. A least square (2-norm) approach is commonly
used. However, it has been shown that the background noise
in EPs may present an impulsive characteristic which is far
from Gaussian but suitable to be modeled by the 𝛼-stable
distribution (0 < 𝛼 < 2). Compared with 𝐿2-norm, 𝐿𝑃-norm
is a better option.

Sparse coding is a powerful tool in analysing nonstation-
ary signals, and it has shown significant success in signal
denoising and separation. And in our previous papers [9], we
have proved that EPs have strong sparsity over an appropriate
dictionary. The EPs can be represented as

𝑠 (𝑡) = 𝐷𝜃, (2)

where𝐷 ∈ 𝑅𝑀×𝑁 is the dictionary and 𝜃 ∈ 𝑅𝑁×1 is the sparse
coefficient.

The EP estimating problem can be solved using sparse
coding with least mean 𝑝-norm (SC-LMP) optimization.The
cost function is

𝐸 (𝜃) = 𝑦 (𝑡) − 𝐷𝜃𝑝 + 𝜆 ‖𝜃‖1 . (3)
It has been proven that the least mean 𝑝-norm algorithm

always works if 𝑝 is set to 1 when 1 < 𝛼 < 2. So in SC-LMP,
in order to facilitate solving the sparse coefficients, the 𝐿1-
norm is used in place of the 𝑝-norm. So the function can be
rewritten as

𝐸 (𝜃) = 𝑦 (𝑡) − 𝐷𝜃1 + 𝜆 ‖𝜃‖1 . (4)
The problem for the estimation of 𝜃 by minimizing (4) could
be formulated into

min
𝜃

‖𝑃𝜃 − 𝑌‖1
where 𝑃 = [ 𝐷

𝜆𝐼𝑁×𝑁] , 𝑌 = [
𝑦 (𝑡)
0𝑁×1] ,

(5)

where 0 denotes the vector of all zeros with appropriate size.

2.2. Optimization. In order to solve the optimization problem
in (5), we formulate the problem as a LP problem as follows.
Let 𝑥 = 𝑃𝜃 − 𝑌, 𝑥+ = max(𝑥, 0), and 𝑥− = max(−𝑥, 0). Then𝑥 can be expressed as 𝑥+−𝑥−.Theminimization problem can
now be rewritten as

min
𝜃,𝑥+,𝑥−

1𝑇𝑥+ + 1𝑇𝑥−
s.t. 𝑃𝜃 − 𝑌 = 𝑥+ − 𝑥−

𝑥+, 𝑥− ≥ 0,
(6)
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Figure 2: Continued.
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Figure 2: Single-trial EPs 𝑠(𝑡, 𝑚 = 15, 10, 5, −5) with MSNR = −7 dB estimated using our method.

where 1 denotes the vector of all ones with appropriate size.
The equation above can be written as a LP problem in a
standard form as follows:
min
𝑥

𝑞𝑇𝑥
s.t. 𝐴𝑥 = 𝑌

where 𝑞 = [[
[
0
1
1
]]
]
, 𝑥 = [[[

[

𝜃
𝑥+
𝑥−
]]]
]
, 𝐴 = [𝑃 −𝐼 𝐼] .

(7)

Then we can solve the LP problem using linear interior point
solver (LIPSOL), which is based on a primal-dual interior
point method.

𝑞 = [[
[
0
1
1
]]
]
,

𝑥 = [[[
[

𝜃
𝑥+
𝑥−
]]]
]
,

𝐴 = [𝑃 −𝐼 𝐼] .

(8)

2.3. Reconstructing. After solving (7), we can use the solution𝑥 to reconstruct the single-trial EP 𝑠(𝑡) as follows:
𝑠 (𝑡) = 𝐷𝜃. (9)

3. Experiment Results

Computer simulation was conducted to verify the perfor-
mance of the SC-LMP algorithm for EP signal estimation
under FLOA noise environments. The simulated EP data

is constructed by superimposing three Gauss distribution
functions [15] and the waveform is shown in Figure 1; thus,

𝑠 (𝑡, 𝑚) = −0.6 exp(−(𝑡 − (75 − 𝑚))2152 )
+ 0.7 exp(−(𝑡 − (100 + 𝑚))2202 )
− 0.8 exp(−(𝑡 − (145 − 𝑚))2252 ) .

(10)

FLOA noise with various 𝛼 values was generated to
simulate background noise. The observations were additive
mixtures of the noise-free signals and the simulated FLOA
background noise. The mixed signal-to-noise ratio (MSNR)
is defined as follows:

MSNR = 10 lg(𝜎2𝑠𝛾V ) , (11)

where 𝜎2𝑠 and 𝛾V are the variance of the noise-free signal and
the dispersion of the FLOA background noise, respectively.
Two estimation algorithms, namely, LMS-RBFNN [16] and
ARX [17], were compared in the following simulations. In
ARX, the 𝑠(𝑡, 0) is used as the exogenous input to the
estimated ARMA (autoregressive-moving-average) model;
the model order is estimated by FPE [18] and the parameters
are calculated by LMS [19]. To measure the performance of
the algorithms, the correlation coefficient 𝜌 is defined as

𝜌 = ∑𝑀−1𝑡=0 (𝑠 (𝑡, 𝑚) − 𝑠) (𝑠 (𝑡, 𝑚) − 𝑠)
√∑𝑀−1𝑡=0 (𝑠 (𝑡, 𝑚) − 𝑠)2√∑𝑀−1𝑡=0 (𝑠 (𝑡, 𝑚) − 𝑠)2

, (12)

where 𝑠 and 𝑠 are the time mean values with 𝑀 samples of𝑠(𝑡, 𝑚) and 𝑠(𝑡, 𝑚).
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Figure 3: Comparison of three methods in different alpha values.

3.1. Simulation Experiment. In this section, the proposed
method is compared with two other methods, namely, ARX
and LMS-RBFNN. ARX and LMS-RBFNN are one of the
commonly usedmethods to extract EP signal. ARXmodeling
for single-trial EP estimation was proposed by Cerutti et al.
[20]. This method can estimate single-trial EPs even when
the SNR is very low and has been applied to the monitoring
of the depth of anesthesia during surgery. RBENN is a
kind of supervised feedforward neural network based on
function approximation theory. Fung et al. [21] proposed
LMS-RBFNNmethod according to the strong approximation
ability and fast training speed of RBENN. Figure 2 shows

4 graphs of the estimated single-trial EP signals based on
our method. Figures 2(a1)–2(a4) include stimulated EP in
various latencies (𝑚 = 15, 10, 5, −5) which are indicated by
dotted line and the accordingly observed signals are mixed
byMSNR = −7 dB which are indicated by dashed-dotted line.
Figures 2(a1)–2(a4) show the accordingly estimated results by
SC-LMP. From Figure 2, we can see that, with the increase
of the value of the MSNR, our method has better dynamic
estimation ability of latency and amplitude in different 𝑚
value.

As shown in Figure 3, we changed 𝛼 value from 1 to 2
and calculated the improvement ofMSNRand the correlation
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Figure 4: Comparison of three methods in different MSNR values.
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Figure 5: The extracted result by using real data.

coefficient in the corresponding MSNR value (MSNR = −15,−10 dB) obtained with our method, ARX and LMS-RBFNN.
Comparedwith ARX and LMS-RBFNN, ourmethod exhibits
better performance, with slight decreasing of MSNR when
alpha varies from 2 to 1.

The improvement of MSNR and the correlation coef-
ficient of our method, ARX and LMS-RBFNN in three
alpha values (alpha = 1, 1.5, and 2), are shown in Figure 4.
From Figure 4, with the decrease of the value of MSNR, the
estimated value of MSNR and the correlation coefficient of
three methods decline. However, compared with the other 2
methods, our method has better performance.

3.2. Real Data. For further evaluation of the performance
of our method, real VEPs were used by [22]. We chose a
small piece of data for trial. The data was then rereferenced
to the average of channels O1, Oz, and O2, low-pass filtered
between 0 and 9Hz with a 7th-order Butterworth filter, and
downsampled to 128Hz.

Figure 5(a) shows the stimulated EP and the accordingly
observed signals which are the mixture of the stimulated
EP and 𝛼-stable distribution noise by MSNR = −7 dB. We
extract the EP with SC-LMP, and results are shown in
Figure 5(b). Clearly, the signal estimated using our method



Computational Intelligence and Neuroscience 7

better resembles the stimulated EP. The component P300 of
VEPs extracts with our method is distinct.

4. Conclusion

To sum up, we proposed a novel single-trial EP estimated
method based on SC-LMP. This method uses sparse coding
to represent EPs and utilize a zero-mean 𝛼-stable distribution
process to express spontaneous EEG according to the char-
acteristics of background signal. In order to facilitate solving
the sparse coefficients, the 𝑝-norm is used in place of the 𝐿2-
norm. We conducted a series of experiments on simulated
and real data, and the results were evaluated using waveform
extractions and other metrics. As the experimental results
show, our method has better estimated capacity and per-
formance than other existing algorithms. Future works will
focus on improving the stability and practicability of the new
proposed method to obtain a better real-time monitoring of
the components. This could lead to the development of more
advanced applications for real-world signals.
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The central brain functions underlying a stereoscopic vision were a subject of numerous studies investigating the cortical activity
during binocular perception of depth. However, the stereo vision is less explored as a function promoting the cognitive processes of
the brain. In this work, we investigated a cortical activity during the cognitive task consisting of binocular viewing of a false image
which is observed when the eyes are refocused out of the random-dot stereogram plane (3D phenomenon). The power of cortical
activity before and after the onset of the false image perception was assessed using the scull EEG recording. We found that during
stereo perception of the false image the power of alpha-band activity decreased in the left parietal area and bilaterally in frontal areas
of the cortex, while activity in beta-1, beta-2, and delta frequency bands remained to be unchanged.We assume that this suppression
of alpha rhythm is presumably associated with increased attention necessary for refocusing the eyes at the plane of the false image.

1. Introduction

The central brain functions underlying a stereoscopic vision
were a subject of numerous studies focusing on the assess-
ment of cortical activity during binocular perception of depth
[1, 2]. The BA7 area of parietal cortex and BA19 area of
occipital cortex were demonstrated to play a key role in the
binocular stereo vision [3]. The perception of depth was also
shown to be associated with bilateral activation of BA37 and
BA39 areas of temporal cortex, and the dorsal regions of
occipital-temporal cortex were found to be sensitive to the
power of depth perception [3–5]. All these works focused on
the process of binocular vision itself and used the stereoscope
or other approaches to promote the perception of depth in
the observed scenes. In our study, we explored the cortical
activity during the execution of cognitive task consisted of
viewing a false image in front of the plane of random-
dot stereogram without a stereoscope or any other aids to
binocular fusion, which requires a high concentration of
attention. With this aim, we assessed the power of cortical
rhythms using the scull EEG recording before and after the
onset of the false image perception.

The 3D phenomenon [6] is a new and insufficiently
investigated process of visual perception. For the first time,

the information about novel abilities of vision was published
in the auxiliary materials of our invention (patent number
226499 RU).

Our goal in the present study was the EEG activity
measurement during viewing of plane images that create
the depth perception and volume. To detect the depth and
volume on the images, a binocular eye tracker was used. Eye
tracker provides registration of eye movement. The article
presents the results of measuring the alpha rhythm of nine
volunteers. In the second part of this article the results
of EEG activity of one subject are presented. Alpha, high-
frequency beta, low-frequency beta, theta, and delta rhythms
were analyzed. We found that during stereo perception of the
false image the power of alpha-band activity decreased in the
left parietal area and bilaterally in frontal areas of the cortex,
while activity in beta-1, beta-2, and delta frequency bands
remained to be unchanged.

2. Methods

Stereoscopic vision of a human (or stereopsis) is two eyes and
two points of view. Stereopsis forms on the retinal photore-
ceptors two slightly displaced images (or horizontal disparity)
of objects located at different distances from the eyes. The

Hindawi
Computational Intelligence and Neuroscience
Volume 2018, Article ID 5623165, 7 pages
https://doi.org/10.1155/2018/5623165

http://orcid.org/0000-0001-7334-0952
http://orcid.org/0000-0002-3829-7247
https://doi.org/10.1155/2018/5623165


2 Computational Intelligence and Neuroscience

fusion of information in the visual centers of the brain from
twomesh images creates a sense of the volume and the spatial
location of objects in the visual field. When a planar image
enters in the visual field, all images on it are located at the
same distance from the observation points. Consequently,
there is no disparity as a necessary condition for structuring
the stereoscopic spatial perception of the images.

The third author of this work developed the educational
technology of developing the ability to perceive the depth,
volume, and spatial perspective on planar images, that is,
3D phenomenon, in other words, the transfer of three-
dimensional perception from the objects of the habitat to the
planar images, which are the results of human thinking. It
is assumed that the 3D phenomenon develops as a result of
training to observe the stereoscopic depth on the stereoscopic
projections, stereograms, and 3D raster images. It is possible
to assume that the ability to perceive the depth and volume on
the planar images refers to the evolutional mechanisms of the
visual system in the modern conditions of the technogenic
habitat.

The binocular eye tracker with the function of determin-
ing the X-coordinates of the right and left eye is used to
study the 3D phenomenon. In the first experiments on the
study of the 3D phenomenon, eye movements were recorded
using the SMI HiSpeed eye tracker in the binocular mode
(recording frequency 500Hz). The images were displayed on
a 19 CRT monitor ViewSonic 90Gf, located at a distance
h = 58 cm from the observer’s eyes (resolution 1280 × 1024
pixels, 38 pixels/cm). Exposure time was from 15 to 150 sec.
The software allows determining the X-coordinate of the
direction of the right (𝑋R) and left (𝑋L) eyes in the numerical
scale of the monitor. The difference Δ𝑋 = 𝑋L − 𝑋R, which
determines the position of the plane of the perceived image,
was calculated from the coordinates. Perceived image plane
is the plane on which the direction of the right and left eye
concentrates on the point. If Δ𝑋 = 0, then it coincides with
the plane of the image location, that is, with the monitor
plane. Under the condition Δ𝑋 ̸= 0, it is either closer to or
further from the monitor screen.

The binocular eye tracker allows obtaining the perception
of the depth and volume of a planar image. In the conditions
of three-dimensional perception of the image, perceived
image plane is located behind it at a distance of 8–58 cm [6].

Formation of the 3D phenomenon elements is shown on
the all planar images demonstrated to the participants in the
experiment.

We believe that the 3D phenomenon correlates with
the neurophysiological mechanisms of creative activity. The
right hemisphere dominates with the synchronization of the
biopotentials of alpha-activity, especially in the frontal corti-
cal areas [7, 8]. On the other hand, the opposite activation
effects of EEG activity of creative thinking were shown in
[9, 10].

Some researchers have shown that when solving creative
problems, the activity of the brain depends on the back-
ground state associated with the level of creativity [11]. Also,
recent studies show that the perception of three-dimensional
attributes depends on the background state of the subject. It
is possible that the study of EEG activity under conditions of

the three-dimensional perception of planar images will reveal
correlates of divergent thinking, as was done in the study
of EEG activity with simultaneous analysis of the level of
intelligence and divergent thinking [7]. Data on the positive
relationship between the effectiveness of divergent thinking
and the level of intelligence previously were obtained [12,
13]. The great importance of right hemisphere activity when
changing the effectiveness of divergent thinking was shown
[8].

The above literature sources show that the functional
activity of intelligence and divergent thinking in a wide
range are represented in alpha, low-frequency delta, and
high-frequency beta ranges of EEG activity. In addition to
the experimental models of creativity are the individual
characteristics of the subjects.

Although human perceptual responses to binocular dis-
parity have been studied extensively [14], there have been
relatively few studies of how human cortical activity is related
to stereo depth perception. In these few studies [15–17], the
authors relied onmeasurements of visually evoked potentials,
a method that has a limited spatial resolution. Methods of
EEG activity in the study of creativity was shown in [18].
Here, we explore the 3D phenomenon using EEG recording
of cortical activity.

Nine female voluntaries of 20 years old participated
in the study. They all have previously passed a semester
cycle of training the spatial perception skills at the three-
dimensional images. The scull EEG was recorded using 8-
channel digital EEG system Neuron-Spectrum-1 (Neurosoft,
Russia). The EEG electrode placement was organized by
standard 10–20 system with a reference electrode placed
unilaterally at the ear. The bipolar longitudinal row montage
included eight recording electrodes: Fp1, Fp2, C3, C4, T3, T4,
O1, and O2. After visual inspection of the EEG recordings
using Neuron-Spectrum.NET software (Neurosoft, Russia)
the data were processed and analyzed using custom-written
routines in MATLAB environment (MathWorks, USA). The
independent component analysis was used for removing the
artifacts from the EEG recordings. Statistical analysis was
performed using the MATLAB Statistics toolbox. The two-
side Wilcoxon rank sum test was performed to assess the
significance of differences between groups of data with the
level of significance kept at 𝑝 < 0.05.

3. Results and Discussion

The EEG activity was recorded under three conditions:
(1) with closed eyes, (2) during focusing at the plane of
stereogram, and (3) during perception of the false image in
front of the stereogram plane. When the eyes were closed,
the alpha rhythmwas recorded in both right and left occipital
areas (f3\1, b3\1, f4\2, and b4\2 channels) with average
frequency of 9.9 ± 1.6Hz (𝑛 = 9). After opening of the
eyes and focusing at the stereogram plane the alpha rhythm
was depressed bilaterally to the same extent. The test was
signalized about the onset of the false image perception by
raising up the pencil, and a suppression of activity in alpha-
band was recorded after the onset of stereo perception was
revealed in the frontal areas (Fp1C3, Fp2C4) and in the left
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Figure 1: The dynamic of EEG activity in alpha frequency band during perception of depth with false objects appearing to be in front of the
flat plane of random-dot stereogram without using a stereoscope: (a) the topo map of alpha-activity represented as a ratio of alpha oscillation
power after/before the onset of the false image perception built for individual EEG recording; (b) averaged alpha oscillation power at C3O1,
FP1C3, and FP2C4 recording sites, mean ± SE; ∗ corresponds to 𝑝 < 0.05.

parietal area (C3O1) of the cortex. Thus, the average power
of alpha rhythm before and after the onset of false image
perception was, respectively, 0.867 ± 0.143 𝜇V2/Hz and 0.599
± 0.088 𝜇V2/Hz at b3\1 channel, 0.567 ± 0.121 𝜇V2/Hz and
0.457± 0.096𝜇V2/Hz at Fp1C3, and 0.613± 0.114 𝜇V2/Hz and
0.515 ± 0.089𝜇V2/Hz at Fp2C4 channel (𝑛 = 9; 𝑝 < 0.05;
Figure 1(b)).

There were not any significant changes in alpha-band
activity power at other recording channels, and no changes
of EEG activity in beta-1, beta-2, and delta frequency bands
were detected. The changes in alpha-band cortical activity
are considered to be promoted by nonspecific factors like
attention, arousal state, emotions, and so on [19–21].Thereby,
we assume that suppression of alpha rhythm during the
false image perception is caused by desynchronization of
cortical activity associated with an increased attention, which
is necessary for the viewer to refocus and fix the eyes at the
plane of the false image.

In addition to the results presented above, the following
data were obtained. (1)The power spectra of the EEG activity
were recorded. During perception of the 3D phenomenon in
comparison with the planar perception in the entire range
of EEG rhythms (eighth leads), a decreasing of power was
observed. The change in power depends on the color palette
of the planar image. (2) Extraction of the biorhythm index
for beta, alpha, theta, and delta band components does not
have a unique influence on them of various types of planar
images. (3) Processing of the spectrograms of rhythms shows
that, under conditions of three-dimensional perception of
planar images, the total coherence amplitude over all leads
and components of EEG rhythms is 1.8 andmore times higher
in comparison with the perception of the white paper sheet
(Figure 2). (4) In the process of planar and three-dimensional
perception of planar images creating effects of perception
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Figure 2: The total coherence amplitude over all leads and compo-
nents of the EEG rhythms.

of depth and volume, the following is shown: firstly, the
excess of theta rhythms power over alpha rhythms, secondly,
that the theta and alpha rhythms power are exceeded in
the right hemisphere in comparison with the left one, and
thirdly, the detection of the increase in power in conditions of
three-dimensional perception in comparison with the planar
(Figure 3).

We also presented the EEGactivity of the participant, who
passed the first study on the binocular eye tracker [6]. When
the first plane image (FPI) was perceived, the power of the
spectrum of the right hemisphere in the frontal compartment
was greater than for the left one 1.5 times in all leads, with
a range of changes from 1.3 to 2 times. Under conditions
of three-dimensional perception (i.e., the 3D phenomenon),
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Figure 3: EEG power on left (L) and right (R) hemisphere; blue bar: theta rhythm; brown bar: alpha rhythm: (1) 2D perception and (b) 3D
perception.
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Figure 4: Full spectral power (all diapason): (a) first visual stimulus and (b) second visual stimulus.

the ratio of the spectrum power of the leads in the right
hemisphere actually aligned with the left one. The average
value of the ratio is 1.1; the interval is from 0.9 to 1.2.The total
average ratio for all leads of the right and left hemispheres
under conditions of three-dimensional perception to two-
dimensional perception is 0.8 with a change interval from
0.4 to 1.0. In all leads with a planar perception of the second
planar image (SPI), values for the right hemisphere are
greater than for the left. The average value of the ratio is
1.3; the interval is from 1.1 to 1.4. Under conditions of three-
dimensional perception, the average value of the analogous
ratio is 1.1 with the variation interval from 0.75 to 1.2. For all
leads, the power of the spectrum under conditions of three-
dimensional perception is less than for a planar. The average
value of the ratio is 0.5; the interval is from 0.4 to 0.7.

Thus, under conditions of a three-dimensional percep-
tion of the presented planar images, a decrease in power

spectra in comparison with planar perception and less pro-
nounced interhemispheric asymmetry is observed (Figure 4).

Horizontally, we have frontal (FP), central (C), occipital
(O), and temporal (T) leads. Odd numbers refer to the left,
and evennumbers to the right hemisphere. Vertically, we have
power values. Brown bar represents two-dimensional (2D)
and blue bar represents three-dimensional (3D) perception.

Figure 5 shows the graphs of the EEG rhythm index: high-
frequency beta (HF) and low-frequency beta (LF), alpha,
theta, and delta rhythms.

The index of high-frequency beta rhythm for both images
in planar and three-dimensional perception is higher in all
leads in the right hemisphere. The range of the index with a
plane perception in comparison with the three-dimensional
is from 10 to 21%, with the exception of the frontal lead, which
is lower, about 9%. With three-dimensional perception, the
index is in the range of 6–16%. It is known that high-frequency
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Figure 5: The EEG rhythm index: (a) high-frequency beta (HF); (b) low-frequency beta (LF); (c) alpha; (d) theta; (e) delta rhythms.
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beta rhythm has a special functional significance for the inte-
gration of various signs of complex stimuli, both figurative
and verbal nature. It can be assumed that this integration
is reflected in the intensification of interaction between the
anterior and posterior parts of the left hemisphere, which is
especially pronounced in the presence of both intellectual and
creative abilities.

The index of low-frequency beta rhythmwith FPI percep-
tion is in the range from 5 to 16%. There is an asymmetry of
the index value on the left in the frontal and occipital leads. In
terms of three-dimensional perception, rhythm indices are in
the range from 13 to 16%. Left-sided asymmetry is observed
in the occipital-temporal leads. With a planar perception of
SPI in all leads, the indices are in the range of 10 to 20%. In all
leads, the value of this index in the right hemisphere is higher
than in the left hemisphere.The indices of this rhythm under
conditions of three-dimensional perception are significantly
lower (5–12% range).

The alpha rhythm index with a planar perception of
the FPI image is generally lower than in the case of three-
dimensional perception. In the temporal and central leads,
the right and left hemispheres have a rhythm index of one
level, about 12%. In the occipital lead, values for the right
hemisphere are twice as high as for the left hemisphere
and in the frontal leads above the value on the left. The
change interval is within 5–12%. The transition to a three-
dimensional perception increases the rhythm index. It is in
the range from 13 to 22%. In the temporal leads, the right
and left hemispheres have approximately the same indices in
the range 15-16%. It can be noted that, under the conditions
of three-dimensional perception, the alpha rhythm is almost
twice as high as for planar perception of FPI image in all
leads with left-hemispheric asymmetry. Gradual increase in
the power of the alpha rhythm with open eyes is a sign of
the inhibitory condition of the oculomotor system. On the
other hand, the increase in the power of the alpha rhythm
may indicate a decrease in visual attention caused by the
monotony of the FPI image.

With a plane perception of the SPI image, the value of the
alpha rhythm index is higher than for the three-dimensional
one. In the frontal and temporal leads, the alpha rhythm index
is higher on the right; in the occipital lead the alpha rhythm
index is higher on the left. The value of the index varies
between 13 and 22%.With three-dimensional perception, the
alpha rhythm index is 8–16% without a clearly expressed
asymmetry.

That is, when looking at FPI image, the index of the alpha
rhythm with three-dimensional perception increases; with
the SPI image, it decreases almost half.

In low-frequency bands, the dynamics of the rhythm
index in the case of a planar and three-dimensional per-
ception of the images are ambiguous. However, in general,
the theta rhythm index is higher for a three-dimensional
than for a two-dimensional perception, especially in the right
hemisphere. With a two-dimensional perception, the theta
rhythm index variates in the range of 4–14%, while the three-
dimensional index is 9–19%.

The change in the delta rhythm index is in the range of
40–80%. When looking at FPI image in a plane perception,

the delta rhythm index is higher than in the case of three-
dimensional perception (40–76%), for the SPI image is lower
(38–57%). In the right hemisphere, the value of the index is
clearly reduced in case of plane perception. The severity of
asymmetry in three-dimensional perception is insignificant
in both cases.

4. Conclusions

We show that during stereo perception of false image appear-
ing in front of the stereogram plane the power of alpha-
band activity decreases in the left parietal area and frontal
areas of the cortex, and this suppression of alpha rhythm is
presumably associated with increased attention necessary for
refocusing the eyes at the plane of the false image.

The use of coherent analysis of EEG activity allows
obtaining an objective evaluation of the ability of three-
dimensional perception of planar images, to expand the
psychophysiological features of the ability to perceive plane
images with depth and volume effects.

In the future studies, it would be interesting to determine
the reason underlying bilateral asymmetry in the suppres-
sion of alpha-band activity power in parietal cortical areas
observed during stereo perception.

In the future, we plan to conduct experiments on record-
ing EEG activity in the 3D phenomenon and compare them
with known methods of analyzing intelligence and divergent
thinking. For this, it is necessary to jointly measure EEG
factors and eye movements.
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Col. Lindavista, Delegación Gustavo A. Madero, 07738 Ciudad de México, Mexico
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Electroencephalograms (EEG) signals are of interest because of their relationship with physiological activities, allowing a
description of motion, speaking, or thinking. Important research has been developed to take advantage of EEG using classification
or predictor algorithms based on parameters that help to describe the signal behavior. Thus, great importance should be taken to
feature extraction which is complicated for the Parameter Estimation (PE)–System Identification (SI) process. When based on an
average approximation, nonstationary characteristics are presented. For PE the comparison of three forms of iterative-recursive uses
of the Exponential Forgetting Factor (EFF) combinedwith a linear function to identify a synthetic stochastic signal is presented.The
one with best results seen through the functional error is applied to approximate an EEG signal for a simple classification example,
showing the effectiveness of our proposal.

1. Introduction

Electroencephalogram (EEG) is a technique to obtain infor-
mation related to brain activity, extracting information mea-
suring electric fields from the brain, allowing obtaining
information related to the intention for different mental
activities, like motor imagery, motor planning, imagined
speech or subject identification [1]. When information from
EEG is obtained their features should be processed and used
in classification algorithms.

According to [2], neural signal oscillations are the most
important EEG characteristics to study because the rela-
tionship among specific patterns, perceptual, motor, and
emotional processes, is described by these changes. Because
of EEG stochastic characteristics, an adaptive description is
needed within the time analysis especially when changes are
neither smooth nor slow [3, 4].

Nevertheless, their neural nature makes them difficult
to analyze without using an adequate descriptor. Hence,
new EEG signal modelling techniques allow selecting spe-
cific information helping neuropathology clinical studies
[5] to obtain the parameters to be used in, for example,
classification algorithms [6] such as Fuzzy Logic Classifier
(FLC), Artificial Neural Networks (ANN), Particle Swarm
Optimization, and Sliding Modes, [1, 7–10].

In [11] the use of Time-Frequency Distributions (TFD),
Fast Fourier Transform (FFT), eigenvector methods (EM),
Wavelet Transform (WT), and Auto-Regressive Method
(ARM) is discussed, for EEG feature extraction in time and
frequency domain. Results from this comparison indicate
frequency methods may be not adequate for EEG signals
while time-frequency do not give detailed information; now
the election of one method will depend on the application
objective [4, 5, 12].
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Figure 1: Representation of the processes for the corresponding
time 𝜏.

The sampled neural signal in a mathematical sense
corresponds to a stochastic, time variant, and nonlinear
description with a specific bounded distribution function for
each clinical case. From this, the neuron is represented by a
Black Box (BB) system with only its excitation (input) and
answer (output) available without knowing what happens
inside.

Variations of Adaptive Auto-Regressive (AR) models
have been proved to be adequate to model systems, where the
number of parameters to determine depends on the model
order. Othermethods include Recursive Least Squares (RLS),
Least Mean Squares (LMS), and Kalman Filter (KF) and their
variations [9, 12–15]. In general algorithms by themselves are
not adequate when abrupt changes are presented, giving rise
to hybrid or correction forms such as Forgetting Factor (FF)
[16]. The great importance of the identifier lies in describing
the internal time system evolution and observing its stability
and stationary properties [3, 9, 17].

Considering computational operation latencies shown in
Figure 1, the time interval between two consecutive output
system steps makes the estimation-identification process
achievable and feasible to add a second stage in the same
interval, obtaining a recursive version using the Exponential
Forgetting Factor (EFF) to modify the first identification.

A previous EFF analysis using (1) from [18] about the
identification experiment was developed in [19], showing its
effectivenesswhenusing the sign function to give a correction
factor, decreasing the identification error when implemented
in nondeterministic signals:

EFF𝑡 = sign (𝐴 𝑡) 𝑒sign(𝐴𝑡)𝑒𝑡 , (1)

where 𝐴 𝑡 is the parameter estimated on average [20].
Equation (1) has been proved only for point to point

corrections, integrating a second stage operation after the first
developed on average, as shown in Figure 2.

Searching for a better identification, three different imple-
mentation cases of additional correction stages inside the
second correction indicated in Figure 2 (dashed line) are
compared. To accomplish this task, expression (1) is modified
to create a recursive description for 𝑦𝑡, based on stochastic
input 𝑤𝑡, interacting in (2) and leading to the identification
error 𝑒𝑡 (3). Applying modifications in (1) the new parameter
(4) is described and used instead of𝐴 𝑡 in (2), obtaining a new
identification and identified error.

𝑦𝑡 = 𝐴 𝑡𝑤𝑡 (2)

𝑒𝑡 = 𝑦𝑡 − 𝑦𝑡 (3)

̂̂𝐴𝑡 = 𝐴 𝑡 + EFF𝑡 − sign (𝐴 𝑡) . (4)

The obtained algorithms are proved using in the first-place
sinusoidal signals and, then, the one with better results is
applied to a synthetic amplitude and frequency variation.

2. Recursive Exponential Forgetting Factor
(REFF) Comparison

For the following algorithms, their effectiveness is analyzed
by comparing their corresponding recursive EFF parameters
estimation and identifications with respect to the reference in
Figure 3, whose sinusoidal shape (Figure 3(b)) is given by the
parameters viewed in polar representation (Figure 3(a)).

The purpose of describing the parameters in a polar graph
is to determine if they lead to instability problems due to
their values. The identification is considered unstable and
nonadequate when the estimation parameters go out of the
unitary circle giving an overpass to the reference boundaries.

2.1. Recursion through the Previous Estimated Parameter. The
first approach is by considering an instant 𝑡 and the previous
corrected estimated parameter ̂̂𝐴𝑡−1 based on the estimated
parameter 𝐴 𝑡. For the second identification stage in (4) the
estimation is described as ̂̂𝐴𝑡 in the iteration 𝑡 as in (5). Results
are shown in Figure 4.

̂̂𝐴𝑡 = ̂̂𝐴𝑡−1 + EFF𝑡 − sign (̂̂𝐴𝑡−1) . (5)

2.2. Recursion through the Mean between the Previous and
Actual Estimated Parameter. Continuing with (4) as the base,
now the average estimated parameter for instant 𝑡 and the
delayed 𝑡 − 1 corrected estimation as in (6) is considered.
Results are shown in Figure 4.

̂̂𝐴𝑡 = ̂̂𝐴𝑡−1 + 𝐴 𝑡2 + EFF𝑡 − sign( ̂̂𝐴𝑡−1 + 𝐴 𝑡2 ) . (6)

Notice in cases (a) and (b) a third stage is added to the process,
having first the simple average approximation; secondly the
EFF𝑡 correction and the second parameters correction are
made.

From Figure 4, it is possible to see that the identification
using cases (a) and (b) is not adequate because every time the
reference changes its concavity converging, it becomes more
difficult, leading to undesirable peaks [15].

2.3. Iterative EFF-Estimation. In Figure 2 the dashed lines
represent the first EFF correction; the same stage at the end
of the process (7) is iteratively added, valid for 𝑛 ≥ 2, having𝑎𝑡,1 = 𝐴 𝑡 and EFF𝑡,1 = sign(𝐴 𝑡)𝑒sign(𝐴𝑡)𝑒𝑡 as the initial
conditions, where 𝑛 is the number of iterations made for the
signal instant 𝑡, being 𝑛 = 1 the average stage.

EFF𝑡,𝑛 = sign (𝑎𝑡,𝑛) 𝑒sign(𝑎𝑡,𝑛)𝑒𝑡,𝑛 , (7)
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where 𝑎𝑡,𝑛 and 𝑒𝑡,𝑛 are defined as (8) and (9), respectively.

𝑎𝑡,𝑛 = 𝑎𝑡,𝑛−1 + EFF𝑡,𝑛−1 − sign (𝑎𝑡,𝑛−1) (8)

𝑒𝑡,𝑛 = 𝑦𝑡 − 𝑦𝑡,𝑛. (9)

Considering 𝑦𝑡,𝑛 as the identified signal after 𝑛 iterations of
the EFF and 𝑦𝑡 as the output reference signal with input 𝑤𝑡,
then (9) could be defined as

𝑒𝑡,𝑛 = 𝑦𝑡 − 𝑎𝑡,𝑛𝑤𝑡
= 𝑦𝑡 − [𝑎𝑡,𝑛−1 + EFF𝑡,𝑛−1 − sign (𝑎𝑡,𝑛−1)] 𝑤𝑡. (10)

Unlike cases (a) and (b), this last one changes in estimating
not only the parameter, but also the EFF, correcting 𝑛
times the parameters to improve the identification signal
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Figure 7: Comparison of the functional error 𝐽𝑡 obtained from the
identified signals from Figure 6.

convergence, as seen in the block diagram for case (c) shown
in Figure 5.

The question now lies in how many iterations would
be necessary to obtain an adequate convergence rate with-
out having redundancies in data. The answer could vary
according to what is most important from one application to
another; thus, the reduction of the error is one of the main
objectives in identification tasks.

Thus, to verify the effectiveness of correction through the
EFF, first the identified signals for 𝑛 = 2 to 𝑛 = 10 were
obtained and ten simulations as shown in Figure 6.

Figure 6 shows that when increasing the 𝑛 iterations, the
identification is closer to the reference. Here is where the
decision to increment the iterations depends on the desired
accuracy level. To better appreciate the approximation errors,
Figure 7 includes the functional error 𝐽𝑡, in agreement with



Computational Intelligence and Neuroscience 5

t

20 40 60 80 100 120 140

t

20 40 60 80 100 120 140

0
20
40
60
80

100

n = 2
n = 3
n = 4
n = 5
n = 6

n = 7
n = 8
n = 9
n = 10

99.8
99.85

99.9
99.95

100

R
J

(%
)

R
J

(%
)

Figure 8: Resemblance errors and functionals, from consecutive
EFF iterations.

[21], with respect to previous closer identifications, as viewed
in Figure 7.

The second process identifies a better convergence, as
shown in Figure 7, where the error between the first and sec-
ond iteration is remarkably reduced, as between the second
and third, and so on. To have a better visualization from the
differences between the results obtained in every iteration,
Figure 8 shows the relation (11), expressed in percentage,
which indicates how similar the results are in each iteration
based on the functional error.

𝑅𝐽𝑛/𝐽𝑛−1 = 𝐽𝑡,𝑛𝐽𝑡,𝑛−1 × 100%. (11)

From iteration 7, the resemblance between it and the previous
is above 99.8%,meaning the difference would be insignificant
depending on the application.On the other hand, considering
the magnitude errors obtained from this same iteration, they
are less than 3% with respect to the original signal.

3. Parameter Estimation Example

Our proposed example task is to approximate an EEG ref-
erence with changes in concavity and frequency with added
noise, as those illustrated in [5, 22]. The reference signal is
described as follows in (12), where 𝑡 is the time evolution in
seconds with sample frequency of 100Hz, 𝑓𝜃 = 7, 𝑓𝛽 = 25,𝑓𝛼 = 15, and 𝑓𝛾 = 40, as shown in Figure 9.

𝑦𝑡 =
{{{{{{{{{{{{{{{{{{{{{

2𝑡0.5 sin (2𝜋𝑓𝜃𝑡) 𝑡 ∈ [0, 2)
𝑡0.5 sin (2𝜋𝑓𝛽𝑡) 𝑡 ∈ [0, 4)
2𝑡0.25 sin (2𝜋𝑓𝛼𝑡) 𝑡 ∈ [0, 6)
3𝑡0.25 cos (2𝜋𝑓𝛾𝑡) 𝑡 ∈ [0, 8)
0 otherwise.

(12)

The estimation process generates the adequate parameters
described symbolically as𝐴 𝑡 in each sampled point for time 𝑡,

t
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Figure 9: Reference signal described in (10), with evolution time 𝑡
and sample frequency 100Hz.
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Figure 10: Identifications of the reference signal from Figure 9
applying an average identification and 10 iterations using recursive
EFF.

approximating a linear variant function (2) to (12), which has
stochastic properties, having variations in amplitude and fre-
quency. The identification is composed of various iterations
and the results are presented comparing the identifications
with the proposed reference signal shown in Figures 10 and
11, observing the functional errors evolution.

In a Black Box (BB) system the relationship between the
internal and external parameters cannot be made directly
because the internal evolution is unknown, as would happen
with real signals. Nevertheless, the parameters are important
because they could be analyzed to obtain special features
from EEG signals which are difficult to obtain for nonlinear
signals. In fact, the obtainment of those parameters is the
objective of the proposed technique. Figure 12 presents the
parameters obtained using the estimation, for the simple EFF
and its iterative description considering 𝑛 = 5, 8, and 11
iterations, which are representative when adding more than
one correction step.



6 Computational Intelligence and Neuroscience

0

0.1

0.2

0.3

0

1

2

3 ×10−3

t

0 1 2 3 4 5 6 7 8

t

0 1 2 3 4 5 6 7 8

Average
n = 2
n = 3
n = 4
n = 5

n = 6
n = 7
n = 8
n = 9
n = 10

J t
J t

Figure 11: Functionals error obtained from the identification pro-
cesses from Figure 10.

0.2

0.4

0.6

0.8

1

30

210

60

240

90

270

120

300

150

330

180 0

Average
n = 2
n = 5

n = 8
n = 11

Figure 12: Parameters obtained using an average estimator (aver-
age), the simple EFF (𝑛 = 2), and 5, 8, and 11 iterations of the
recursive description of the EFF.

From Figure 12, it is determined that the parameters have
variable characteristics for each sampled point. The variation
between the average estimation and the simple EFF (𝑛 = 2)
estimation is noticeably as in size and in direction. On the
other hand, between the simple EFF and the other iterations
the estimated parameters are similar in direction, presenting

0 500 1000 1500 2000 2500
t

−100

−50

0

50

100

150

EEG1
EEG2
EEG3
EEG4

EEG5
EEG6
EOG1

Figure 13: Sampled signals for Counting tasks, taken from [8, 9], for
subject 1, considering 6 EEG channel and 1 EOG.

changes with the characteristic of never being able to leave
the reference, maintaining the stability identification.

3.1. Estimation of EEG Signals. As a second part of the test,
the estimation-identification process is applied to sampled
signals taken from [7, 23], which are for subject 1 from
6 Electroencephalogram (EEG) and one Electrooculogram
(EOG) channels for different activities. The objective is to
apply the EFF iterative description from case (c) to obtain the
parameters that allow the approximation by using (2). The
reference data as in Figure 13 have 10 seconds of recording
with a sampling frequency of 250Hz, obtaining in total 2500
samples representing instants 𝑡. The results of applying the
average description and 5 and 10 iterations of the EFF are
shown in Figure 14.

In Figure 14, signals from Figure 13 are separated to
improve the convergence to each. These are different from
one another. Having different signals is useful to determine
the fact that the identification using the EFF is adequate
for chaotic nonstationary cases, such as the EEG or EOG,
presented in this work. To conclude, the measured error is
viewed as the functional errors average from the seven signals
for each estimation as shown in (13), where 𝑛 is the number
of iterations. Results are given in a polar graph in Figure 15,
observing functionals errors that tend to zero in all corrected
approximations, having a better performance when more
iterations are applied.

𝐽𝑇𝑛 = 𝐽EEG1𝑛 + 𝐽EEG2𝑛 + ⋅ ⋅ ⋅ + 𝐽EEG6𝑛 + 𝐽EOG1𝑛7 . (13)

3.2. Classification of EEG Signals. In the previous section,
the EEG signals parameter estimation was possible. Then
we present the application of the estimated parameters into
the classification of EEG signals viewed in our case as
a stochastic system with multioutput EEG responses. For
different instances, we consider the same database used in
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5 and 10 iterations with EFF.
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Figure 16: Four tasks defined by six EEG signals distributions with their representative mean distributions.

Section 3.1 [7, 23] and the estimation-identification process
with iterative EFF iterating 10 times.

The regarded four tasks are multiplication (Task 1), letter
(Task 2), rotation (Task 3). and counting (Task 4). For each
task, six EEG channels (1 to 6) are considered having specific
distributions as seen in Figure 16, which presents the normal-
ized signals distributions divided into ten principal intervals
between [−1, 1], for a better appreciation. The average of
the six distributions signals for every task was obtained and
presented also in Figure 16. The mean distribution is the
representative one to be used as the base for the stochastic
EEG classification.

For a specific task, when identifying its six signals, their
corresponding distributions could be obtained as well as
the mean identified representative distribution. The classi-
fication is made by comparing the four base distributions
from Figure 16 to the mean identified and determining the
convergence error between them. The assignment is then for
the taskwhere theminimumerror is found. Figure 17 presents
four different instances.

In Figure 17 the similarities between the identification of
different tasks are seen. For example, within instance 1, the
identified distribution is closer to Task 1 than to the others, so
that it is possible to say that the identification corresponds
to it. To quantify how close they are, the recursive error
functional [21] based on the second probability moment
considering the errors from the distribution comparison is
calculated and presented in Figure 18 for each instance.

From Figure 18, the minimum cumulative error corre-
sponds to the correct assigned classification. On the other
hand, Table 1 represents a decision chart based on the errors
for the four instances, summarizing the classification process
tominimum error identification, obtaining good results in all
considered instances.

4. Conclusion

The results obtained for cases (a) and (b) are obvious because
the changes are made considering the past, and the EFF
description is for actual information. Therefore, the use of
previous parameters would break the convergence after using
the parameter obtained with the EFF leading to a poorer
convergence.

For case (c) it could be said that special care must be
taken when the time is important to obtain the identification
because having more iterations, and in consequence less
error, implies more execution time. However, the latency is
big enough to allow a considerable number of iterations,
modifying the EFF, and then the parameter as in case (c),
from iteration 7 (as shown in Figures 7 and 8), results in
better correction than that obtained by modifying only the
parameters.

The estimation-identification process is adequate for
nonlinear signals, such as those obtained from EEG. The
importance of describing these signals lies in the description
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Figure 17: Comparison between the base EEG signal distributions and four identified signals instances.
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of possible missing information when drastic changes in
concavity and frequency are given. Even when in this paper
only time-variant analysis is shown, the reconstruction of
chaotic signals gave good results in comparison with a simple
average approach, as seen in Figure 14.

Even when the main objective of this work is the parame-
ter estimation, a simple classification test has been performed
to demonstrate one possible use of the parameters obtained
by using our technique, achieving good results is the four
presented instances (Table 1).
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Table 1: Classification of different instances of EEG signals considering the minimum error viewed as a decision chart from the cumulative
errors.

Instance Task 1 Task 2 Task 3 Task 4 Minimum error Classification
1 001.10 485.26 772.26 525.93 001.10 Task 1
2 485.26 001.43 326.76 105.10 001.43 Task 2
3 772.26 325.10 0.4333 252.10 0.4333 Task 3
4 525.93 105.10 252.76 0.4333 0.4333 Task 4

As future work, comparisons using more real signals
should be performed, and finally, the obtained parameters
could be helpful to create a database and obtain more
characteristics to create useful synthetic signals and prove the
effectiveness of new methods or techniques.
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Schizophrenia is a chronic mental disease that usually manifests psychotic symptoms and affects an individual’s functionality.
The stigma related to this disease is a serious obstacle for an adequate approach to its treatment. Stigma can, for example,
delay the start of treatment, and it creates difficulties in interpersonal and professional relationships. This work proposes a new
tool based on augmented reality to reduce the stigma related to schizophrenia. The tool is capable of simulating the psychotic
symptoms typical of schizophrenia and simulates sense perception changes in order to create an immersive experience capable
of generating pathological experiences of a patient with schizophrenia. The integration into the proposed environment occurs
through immersion glasses and an embedded camera. Audio and visual effects can also be applied in real time. To validate the
proposed environment, medical students experienced the virtual environment and then answered three questionnaires to assess
(i) stigmas related to schizophrenia, (ii) the efficiency and effectiveness of the tool, and, finally (iii) stigma after simulation. The
analysis of the questionnaires showed that the proposed model is a robust tool and quite realistic and, thus, very promising in
reducing stigma associated with schizophrenia by instilling in the observer a greater comprehension of any person during an
schizophrenic outbreak, whether a patient or a family member.

1. Introduction
The World Health Organization (WHO) describes schizo-
phrenia as one of themost serious and challenging psychiatric
diseases nowadays, which still demands strong efforts in
order to acquire a more solid knowledge on the pathology.
It is a complex disease categorized by distortions of thought,
self-perception, and external reality, as well as inadequacy
and dullness of affection [1]. Schizophrenia affects more
than 21 million people worldwide, and one in every two
schizophrenia-afflicted subjects does not receive care for
the disease [2], despite the fact that there are effective

schizophrenia symptom-mitigation treatments and affected
people can lead a productive life and be inserted into society [3].

Amongst the main schizophrenia manifestations the
positive symptoms stand out, ordinarily termed psychotic
symptoms, which include hallucinations and delusions, typ-
ifying the loss of the patient’s contact with reality. Negative
symptoms (mostly impairment of motivation, reduction of
spontaneous speech, and social isolation) and cognitive
impairment are also considered key features of this illness [4].

Hallucinations can be defined as the perception of an
object, such as voice, noise, or image, without it being present,
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that is, without the respective sensorial stimulus [5]. They
are experiences comparable to perception that occur without
an external stimulus; it means that the patient experiences
the behavior as not being under voluntary control [6].
In schizophrenia, hallucinations concerning visual, somatic,
tactile, and olfactory modalities may take place, but the
auditory ones are the most frequent indicators [7].

Over the past years, a greater access to technology has
allowed the use of tools such as virtual reality (VR) in
medicine. VR is an instrument capable of inserting the user
into an interactive three-dimensional virtual world, using a
computer that can generate images and a display that presents
sensory information. Over the last few decades, the use of
VR in psychotic disorders, such as schizophrenia, has been a
promising candidate, for example, for a clearer understanding
of symptoms, for training of instrumental and social skills,
and for the treatment of the disease, as an adjuvant technique
[8, 9]. With reference to the stigma, VR has been shown
to be useful for diminishing negative stereotypes [10] and
as a supporting device to increase empathy and positive
impressions towards schizophrenic people [11] amongst other
applications [12–24].

In addition to the severe symptoms of the disease,
patients afflictedwith schizophrenia face another key trouble:
the stigma. Discrimination against these patients can be
perceived when they try to make or maintain friendships,
look for a job, or maintain intimate or sexual relations.
Moreover, discrimination often comes from members of
their own family [25]. In a study conducted in the United
Kingdom, it was observed that more than 70% of the general
public classified schizophrenia-afflicted people as dangerous
or unpredictable [26].

One aspect to fight the stigma is intervention in specific
groups of the population, such as police authorities and
health providers. There are studies showing that training of
police forces to recognizemental disorders could decrease the
number of arrests and unnecessary force used against people
with mental illnesses, as well as increase the adequate referral
to psychiatric institutions [27].

Even though the effects of the stigma on the evolution of
schizophrenia are still scarcely addressed by patients families
and health practitioners, they have been observed in a
number of studies. In recent times, it has been demonstrated,
for instance, that stress instigated by stigma may be related
to the transition to schizophrenia in young people at risk of
psychosis [28]. Habitually, the patient feels downgraded. The
disorder itself often leads to a condition of hypobulia and
decreasedmotivation, which culminates with impaired phys-
ical conditioning. Environment-generated stimuli maybe
cannot induce severe side effects, as there are no literary
reports of serious symptoms generation (e.g., convulsive
crisis) [29].

A number of approaches have been developed aiming at
reducing the public stigma ofmental illness and the damage it
causes to the patient’s life. For example, virtual environments
to educate patients with schizophrenia of the hallucinations
they suffer [30]. Amongst these approaches, social protest or
activism, education of the public, and contact with mentally
handicapped people stand out, while the latter two show

positive results in the stigma reduction. Educational strate-
gies comprise public messages, books, pamphlets, films,
videos, web pages, virtual reality, and other audiovisual tools
[31].

A healthy sample of the population submitted to the
demonstration of the proposed environment can reduce
interrelated obstacles, for example, to the delay in the begin-
ning of the treatment and difficulties in interpersonal and
professional relationships to have a proper approach to the
conditions of people afflicted this serious mental illness.

The development of a VR-based tool capable of reducing
the stigma related to schizophrenia is of utmost importance
to treat this disease. To fill this gap, we propose a new
augmented-reality-based tool capable of simulating the typ-
ical psychotic symptoms of schizophrenia and analyzing its
effectiveness, the influence of the tool on stigmas reduction,
emotional impact on users, and its validation by specialists
and students of the medicine course by use and application
of a questionnaire. The proposed system can interact, in
real time, with a healthy sample of the population, medi-
cal students, simulating the psychotic symptoms typical of
schizophrenia. The environment was developed with the
support of a psychiatry specialist team.

Appraisal of the tool effectiveness is performed by
Mental Health specialists through three questionnaires:
schizophrenia-related stigma evaluation, environment sim-
ulation evaluation, and stigma evaluation after augmented-
reality simulation. In the questionnaire assessing the
schizophrenia-related stigma, volunteers’ personal data, fam-
ily experience in cases of schizophrenia-diagnosed persons,
and a fictional history of a schizophrenia-afflicted individual
were made. For the simulation evaluation, inquiries related
to the performance of the AR environment were made. In the
last questionnaire, the reassessment was made after an envi-
ronment simulation of how the volunteer turned out to per-
ceive the person from the fictional story about schizophrenia.

Environment-generated stimuli should not be able to
trigger serious side effects, as there are no literature reports
about serious symptoms induction (e.g., convulsive crises).
Simulations can be applied in educational environments
(school groups, colleges, and technical training) in profes-
sional settings such as hospitals and clinics, and in train-
ing and awareness-raising groups that may interact with
psychosis-afflicted people, such as police officers, municipal
guards, and family members of disease carriers.

By applying such virtual systems, connected with clinical
purposes, they can play an important role in the healthcare
area, as they are easily handled by the specialist as well as by
the patient, being such a reassuring feature for the treatment
continuousness [32]. For example, [9] presented a pilot study
to investigate the feasibility and potential negative side effects
of exposure to different virtual social risk environments in
patients with first episode psychosis and in healthy controls.

2. Development of the Proposed
Virtual Environment

Virtual and augmented reality are technological tools that use
virtual elements that can be inserted in realistic scenarios,
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becoming an alternative and complementary approach to the
treatments and diagnoses, being a very promising method to
be adopted definitively in the health area [33].

Virtual reality is an advanced interface for computa-
tional applications in which users can navigate and interact
with a three-dimensional computer-generated environment
through multisensory devices. This technology establishes
the relationship between the user and the created environ-
ment, allowing real-time integration with controlled virtual
objects, and can simulate touch-screen monitors, mount-
head goggles, mouse, and data glove and explore virtually
freely, without real constraints like gravity, according to
the immersion scenario and controls in which the user is
interacting. In it, the individual has the sensation, in real time,
of interacting with the virtual world manipulating objects
around it [34].

Augmented reality is a type of advanced virtual real-
ity interface that allows the user to experience sensations
through stimuli to see, hear, feel, and interact with informa-
tion and virtual elements inserted in the real environment
[35].

In this work, the voices and figures were generated from
the narrative of three schizophrenic patients treated at the
NUEsq Schizophrenia outpatient clinic of Frota PintoMental
Hospital in Fortaleza, Ceará. The data collection was quali-
tatively focused, based on the patients’ verbal description of
their psychotic experiences focusing on sensory perception
alterations (auditory hallucinations and visual pseudohallu-
cinations). The evaluation was led by a psychiatrist heading
the clinical follow-up of the patients under discussion.

The tool consists of a software that reproduces some
schizophrenia typical psychotic symptoms in an augmented-
reality environment so that healthy people can undergo
a simulation and thus provides a reality immersion for a
patient carrying such ailment. In the environment, a 3-minute
duration simulation was set, as it could become tiring over an
extended period of time.

At the beginning, in the tool created in the Unity
3D program, a software that is used to create games and
animations, an environment that could simulate what would
be the reality was produced; namely, it was able to produce
an immersion to the user as close to the reality as possible.
To achieve this, a GameObject, named Cubo1 was designed,
aimed at conveying with its texture a camera, so that when
the operator used the environment he/she could visualize the
real scenario in which he/she was inserted.

After the creation of the object that would use the
camera to visualize the real-time environment, pictures that
would make the process of simulation of the appearances
of figures (common visual pseudohallucinations, referred by
carriers) were inserted, with 2D sprites being used as scene
GameObject, which could have their humanoid or geometric
shapes a little rounded, and in them a blur effect was applied
(blurred feature).The human-shaped figure has its animation
modeled with fade-in and fade-out effects, causing it to
appear or disappear at a particular point in time according
to its program design, while its total four-second appearance
is the most common. The geometric figure generally features
the same outline when its animation is programmed similarly

to the humanoid version, but in some cases the animation
suffers the spawn effect (when the GameObject undergoes
a transformation on the 𝑥-axis from one particular point
to another), causing the GameObject to move from side
to side, with a speed script being added. Additionally, the
problem of the GameObject being “spawned” though never
disappearing became evident, causing a futurememory error.
In consequence, a script was inserted so that it destroyed itself
at a given time.

In the facial detection phase, a Unity plugin called
OpenCV for Unity, which is a plugin that makes Unity
recognize OpenCV scripts used in facial detection, was used.
In the development of the facial modification a sprite (2D
animated image) of a blurred spot was used to cause a
somber effect in the interviewees’ gaze.The effect of the facial
modification lasted about 1 second, running twice during the
three minutes.

The voices heard in the simulation via headphones were
digitally recorded by two actors from a script prepared by
the psychiatrist who piloted the interview with the volunteer
patients. The audio plays a generic content, usually heard by
patients with auditory hallucinations: whispers, threatening
and commanding speech, laughter, and offending content
phrases. Two voices were chosen, one male and one female,
based on recurrent schizophrenia hallucinatory phenomena
involving voices of different characteristics that often talk to
each other. The choice of actors and nonrobotic voices was
aimed at promoting authenticity and naturalness, which are
distinctive of true hallucinations.

All students gave their informed consent to the proce-
dure, which was approved by the Ethics Committee of Escola
de Saúde Pública do Ceará, Ceará, Brazil (permit 1.569.510,
June 1, 2016).

2.1. SystemArchitecture. The implementation of the proposed
system is based on the use of Unity as an engine of the
augmented-reality environment, being used as 2D sprites
scene objects produced in an image editing software. The
HMZ-T2, Sony Glasses, responsible for transmitting the
image processor, coupled with a LifeCam Studio Microsoft is
placed in the user’s head with a Panasonic RP-BTGS10 phone
shown in Figure 1, which uses the bone to convey sound
vibrations to the nervous system, transporting the sound
of the environment and not interfering in the interviewer’s
voice. Figure 2 shows the integration of the devices in the
system.

2.2. Environment Integration with the Equipment. As the
purpose of this paper was to convey the psychotic symptoms
to a healthy sample of the population, it demanded a good
interaction of the tool with the equipment employed.The tool
consists of software that can be installed on any computer that
has Windows operating system with versions from Win 7. It
already has a simple interface that was created by the graphic
engine Unity 3D itself, being easily accessible to any user.

2.3. Modeling and Animation
2.3.1. Modeling and Audio Animation. Sound hallucinations
were created by means of sound editing software and
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Figure 1: Panasonic phone RP-BTGS10.
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Figure 2: Device integration.

recorded with a microphone that was emitted by a headset.
In creating the audio hallucinatory phrases noises, whispers
and provocations, like “you aren’t worth a thing” type were
implemented. Some order phrases with “he will kill you” or
“get out of here” were used in the environment audio. While
developing the audio some pauses were made. In order to
give more immersion as if a person were whispering in the
ear, the procedure was applied in each and every phrase or
any sound emitted by the environment, by using a sound
channel coming out separately on each side of the headset.
In the environment, the user of the glasses should listen to
the voice of the interviewer who wouldmake questions to the
user while he/she listened to the sound effects.

2.3.2. Modeling and Figure Animation. The figure, modeled
on an imaging software and animated in Unity, plays a major
role in the augmented-reality environment, because it sim-
ulates one of the typical schizophrenia psychotic symptoms.
This is the case when a patient has hallucinations in his/her
vision that cause a perception of something nonexistent,
but that is a subjective impression that it is something
real without external stimulus. Consistent with reports from
patients the figuremay have a human appearance or a blur. To
develop the figure images of a man silhouette and a flattened
circumference were used, and then the blur effect was applied

so that the image provided an impression of an image with
twisted visual focus. Figure 3 shows model types made of
figures for the environment with man silhouette, where there
are more blur in Figure 3(a), less blur in Figure 3(b), and
medium blur Figure 3(c). Figure 4 illustrates the model of
a circumference flattened by the sides. The animations were
constructed so that there was some relation with what was
being heard with the audio mentioned.The figure underwent
a transformation of position on the 𝑥-axis corresponding to
the camera and appeared in parts demarcated by the studies.
The other figures, which are the man silhouette, appeared in
the extreme part of the camera view, while the fade effect was
applied by varying the fade-in and fade-out time according to
the sound effects.

2.3.3. Modeling and Animation of Facial Transformation
Effect. In facial modification, the OpenCV plugin for Unity
available in the Unity Asset Store was used. Plugins function
to include the use of OpenCV in Unity. As this package
is an OpenCV Java clone, we can use the same API with
OpenCV Java 3.1.0. It works withUnity free and prowith iOS,
Android, Windows Store Apps 8.1 support, Windows Phone
8.1, Windows 10 UWP support (beta), Support Win, Mac,
and Linux Standalone Support for Editor viewing. Its image
processing is in real time using the Drive WebCamTexture
capabilities (real-time face detection works flawlessly on
iPhone 5). Version 1.9.0 of the plugin was used. With this
plugin, we can proceed with the facial recognition and thus
apply deformation and facial modification effects. In this
work, to perform the facial modification, a dark circumfer-
ence, see Figure 4, was placed over the eyes, accompanying
themovements of the user’s face through a 2D sprite provided
by Unity Technologies for use in prototyping of games.

The process is aimed at simulating psychopathological
changes experienced by the schizophrenia-afflicted individ-
uals during their psychotic symptoms. Some patients report
illusions involving the face of interlocutors, who may appear
to patients as gloomy or even monstrous. As such, the
simulated effect causes discomfort and estrangement feelings,
rendering the experience more threatening.

3. Results

As a result of this work, a simulator was developed in an
augmented-reality environment called “Schizophrenia Simu-
lator” originally designed as the proposal in this work, so that
the environment could be evaluated as to the possibility of
being used as a tool to help reducing the stigmawith reference
to schizophrenia.

In this work, the analysis was made through observations
and analysis of the questionnaire based onmultiple compari-
son to evaluate the significance of the changes in the observed
parameters.

3.1. Screenshots of the Developed Environment and Testing
Used. Figure 5(a) shows the use of an environment sim-
ulation tool by a medical student, analyzing his behavior
during his interaction with the augmented-reality environ-
ment through virtual reality glasses, as well as the usability
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Figure 3: Models of figures with man silhouette: (a) more blur; (b) less blur; (c) middle blur.

Shade 4

Figure 4: Flat circumference figure model.

of the tool for possible adjustments for difficulties presented
by users. From this test, it was acknowledged that initially
the user had difficulties adjusting the glasses on his head,
because in some cases the device did not fit properly because
of its size. The infrastructure used for this test was a
doctor’s office of Frota Pinto Mental Hospital. A medical
consultation was performed using a simulator, in which the
volunteer (medical student) would answer some questions in
a personal, professional, and logical reasoning scheme at a
time when the schizophrenia psychotic-symptom simulating
environment was running. Figure 5(b) shows how the med-
ical student (patient) sees the visual-effect simulating figures
of a schizophrenia psychotic symptom. Figure 5(c) shows
the facial modification effect applied in the environment
visualized by the medical student (patient) in real time.

3.2. Evaluation of the Virtual Environment. In order to val-
idate the augmented-reality environment, medical students

at Mental Hospital Frota Pinto were invited to take part
in a simulation of augmented-reality environment using
virtual reality glasses. They had the opportunity to use it
to explore their possibilities and to analyze the feasibility of
this augmented-reality environment as an alternative to help
in decreasing the schizophrenia-related stigma. Twenty-one
students from three universities in the state of Ceará were
present for the environment trial. After using the augmented-
reality environment, the medical students were submitted
to three questionnaires: evaluation of the schizophrenia-
related stigma, evaluation of the environment simulation, and
evaluation of stigma after an augmented-reality simulation.
According to Pfleeger (1994) and Wohlin et al. (2000), a
questionnaire should be applied to analyze quantitative data
before and/or after application of an approach.

The aim of the questionnaires was to be used as a
prestudy in order to certify that important issues related to
the study were anticipated, as well as to depict expectations,
perceptions, and opportunities related to the possibility
of the actual use of an augmented-reality environment in
users as a complementary tool for understanding, stigma
reduction, and prejudice. The questionnaire to assess the
schizophrenia-related stigma consisted of 9 questions; the
last one was related to José’s story, a fictitious schizophrenic
patient, in his first contact with the user, and the other 8
questions have a personal nature and asked whether there
are cases of family members diagnosed with schizophrenia.
The other questionnaires (Table 1 to Table 4) correspond to
the evaluation of the proposed virtual environment on stigma
reduction related to schizophrenia. In the last questionnaire
evaluating the stigma after an augmented-reality simulation,
questions related to José’s story with a postsimulation feature
were made.

Analyzing the results of the questionnaires application,
seeTable 1, it was found that in the questionnaire related to the
environment simulation evaluation, on a 1–5 scale, of not at
all to extremely, 42.85% of medical students chose the value
5, 42.85% of the students considered 4, and 14.30% chose 3,
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Table 1: Questions and analysis of the medical students’ responses on the proposed augmented-reality environment.

Objective questions made Extremely [%] Little [%]
5 4 3 2 1

(1) Does the proposed environment ensure realism in the execution of its sound effects? 42.85 42.85 14.30 — —
(2) Does the proposed environment ensure realism in the execution of its visual effects? 23.80 47.60 14.20 14.20 —
(3) Does the proposed environment create a sensation of immersion in reality (feeling of
belonging to reality)? 9.50 57.15 28.60 4.75 —

(4) Was the simulation educational about schizophrenia symptoms? 80.95 19.05 — — —
(5) Should simulation make users more empathetic towards people with schizophrenia? 71.40 19.05 4.75 4.75 —

(a) (b) (c)

Figure 5: (a) Environment simulation with themedical student; (b) visualization in the simulation; (c) visualization of the facial modification
in the simulation.

regarding the realism of the proposed environment in the
execution of its sound effects; 23.80% of the medical students
considered on a 1–5 scale, of not at all to extremely, value
5 and 47.60% considered 4, 14.20% of the medical students
chose 3, and the same value chose 2, regarding the realism
of the proposed environment in the execution of its visual
effects. With regard to the augmented-reality environment
proposed, there is the sensation of reality immersion (feeling
of belonging to reality): 9.50% of the medical students
considered on a 1–5 scale, of not at all to extremely, the value 5,
while 57.15% considered 4 and 28.60% of themedical students
chose 3 and 4.75% chose 2. On the other hand, 80.95% and
19.05% of the medical students, on a 1–5 scale, of not at all
to extremely, chose 5 and 4, respectively, if the simulation
was educational concerning the schizophrenia symptoms.
Regarding whether the simulation should make users more
empathetic towards schizophrenia-afflicted individuals, on a
1–5 scale, of not at all to extremely, 71.40% considered the
value 5, 19.05% considered 4, 4.75% indicated 3, and the same
value, 4.75%, chose 2. Table 1 shows the results quantitatively
found with the objective questions of the questionnaire.

Questions on the environment simulation evaluation
questionnaire related to the symptoms experienced during
or shortly after the simulation reported that 19.05% of the
medical students had a general malady (a general sensation
of discomfort and uneasiness), fatigue, and “heavy headache”
(due to the equipment weight); 4.76% said that they had
problems with headache, dizziness with open eyes, and
abdominal discomfort (stomachache). On the other hand,
38.10% reported they had a tired eye and blurred vision. It
was found that 71.40% of the medical students had difficulty
maintaining focus and concentration (seeing clearly and
getting confused with the voices of the environment). 9.52%
of the users reported sweating problems (perspiration or

Table 2: Analysis of medical students’ answers about the symptoms
felt during or shortly after the simulation.

Questions related to symptoms Reports [%]
(1) General malady 19.05
(2) Weariness 19.05
(3) Headache 4.76
(4) Eyestrain 38.10
(5) Difficulty to maintain focus 71.40
(6) Increased salivation —
(7) Sweating 9.52
(8) Nausea 9.52
(9) Difficulty to concentrate 71.40
(10) “Heavy head” 19.05
(11) Blurry vision 38.10
(12) Dizziness with open eyes 14.30
(13) Dizziness with closed eyes 4.76
(14) Vertigo —
(15) Abdominal discomfort 4.76
(16) Belch —

sweating) and nausea (an uncomfortable stomach feeling)
and 14.30% reported dizziness with open eyes. Table 2 shows
the analysis of the medical students’ answers about the
symptoms felt during or shortly after the simulation.

Regarding the subjective questions, the medical students
emphasize that the proposed environment stands out.

Positive Points. Positive points are as follows: being edu-
cational for health professionals and others, simulation
in a suitable place rendering realistic effects, experience
in understanding a psychotic patient’s mind, reducing
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Table 3: Questions and analysis of medical students’ responses about the schizophrenia-related stigma evaluation.

Question/statement No/nothing [%] Very/completely [%]
1 2 3 4 5 6 7 8 9

I would feel sorry for José. — — 4.76 4.76 9.52 14.28 14.28 23.80 28.57
How dangerous do you think José is? — 19.04 19.04 9.52 23.80 4.28 9.52 4.76 —
How scared would you feel with José? 19.04 14.28 23.80 9.52 9.52 9.52 4.76 9.52 —
I think José is guilty of his present condition. 90.47 — 9.52 — — — — — —
I think it would be better for José’s community that he be
admitted to a psychiatric hospital. 52.38 19.04 4.76 — 9.52 4.76 4.76 4.76

How angry would you feel about José? 61.90 28.57 4.76 4.76 — — — — —
How likely is it that you will help José? — — — 4.76 9.52 14.28 33.33 28.57 9.52
I would try to stay away from José. 33.33 19.04 9.52 4.76 — 19.04 14.28 — —
Do you think José should be forced to take medical treatment,
even against his will? 14.28 4.76 — 19.04 23.80 4.76 4.76 14.28 14.28

stigma and prejudice, showing the reality experienced by a
schizophrenic, understanding the disease symptoms, interac-
tivity being more attractive than the conventional informa-
tion practice, and empathywith the schizophrenia symptoms.

Negative Points. Negative points were as follows: difficulty
in putting glasses on the head, discomfort using the device,
simulating in a more restless setting, difficulties in viewing
for glasses users, voice-audio synchronization improvement,
and possibility of causing uneasiness for some individuals.

Possibilities for Improvement. Possibilities for improvement
include improving the external environment lighting, use of
VR glasses with a better and more comfortable fitting and
better closing of vision, adding real people in simulations, and
figure-audio synchronization improvement.

In order to evaluate the impacts on the schizophrenia-
related stigma, a questionnaire that evaluated questions about
a fictional patient called “José” was applied, and these same
questions were applied after using an augmented-reality
environment, assessing the result changes. Appendix 2 of the
questionnaire tells José’s story. Questions and inquiries in the
questionnaire comprised the following: “Would I feel sorry
for José?,” “How dangerous do you think José is?,” “How
scared would you feel with José?,” “I think José is guilty of
his present condition,” “I think it would be better for José’s
community that he be admitted to a psychiatric hospital,”
“How angry would you feel about José?,” “How likely is it that
you will help José?,” “I would try to stay away from José,”
and “Do you think José should be forced to take medical
treatment, even against his will?” on a 1–9 scale, in which 1
corresponds to “no or nothing” and 9 corresponds to “very
or completely.”

During the results analysis of the application of the ques-
tionnaire related to the evaluation of the medical students’
responses (Table 3) on the schizophrenia-related stigma, on
a 1–9 scale of no/nothing and very/completely, 28.57% of the
medical students gave value of 9; 23.80% considered 8; 14.28%
chose 7; 6. 9.52% indicated value 5; 4.6% picked 4 and 3
for item “I would feel sorry for José,” 4.76% of the medical
students on a 1–9 scale of no/nothing and very/completely

considered value 8, while 9.52% indicated 7; 14.20% recorded
6; 23.80% chose 5; 9.52% took 4 and 19.04% selected items
3 and 2 on the scale for item “How dangerous do you think
José is?” Concerning the “How scared would you feel with
José?” item, on a 1–9 scale of no/nothing and very/completely,
9.52% of the medical students scored values of 8, 6, 5, and 4;
4.76% indicated 7; 23.80% picked value 3; 14.28% chose value
2; and 19.04% scored 1. 9.52% of themedical students on a 1–9
scale of no/nothing and very/completely, item “I think José is
guilty of his present condition” chose value of 3, and 90.47%
picked value 1. Regarding item “I think it would be better
for José’s community that he be admitted to a psychiatric
hospital” on a 1–9 scale of no/nothing and very/completely,
4.76%of themedical students pointed out values of 9, 7, 6, and
3. 9.52%, 19.04%, and 53.38% chose 5, 2, and 1, respectively.
4.76% of the medical students on a 1–9 scale of no/nothing
and very/completely chose values 4 and 3, 28.57% selected
2, and 61.90% marked value 1 concerning item “How angry
would you feel about José?” Values 9 and 5 were marked by
9.52% each. 28.57% selected value 8. 33.33% chose 7, 14.28%
considered 6 and 4.76% scored 4 on a 1–9 scale of no/nothing
and very/completely of item “How likely is it that youwill help
José?” In regard to “I would try to stay away from José,” on
a 1–9 scale of no/nothing and very/completely, 14.20% chose
7, while 19.04% selected 6 and 2; 4.76% considered 4. 9.52%
chose 3 and 33.33% picked 1. On a 1–9 scale of no/nothing and
very/completely relative to item “Do you think José should
be forced to take medical treatment, even against his will?”
14.28% of the medical students considered values 9, 8, and
1, 4.76% selected 7, 6, and 2, 23.80% marked 5, and 19.04%
pointed out 4. Table 3 shows the analysis of the medical
students’ responses about the schizophrenia-related stigma
evaluation.

During the results analysis of the application of the
questionnaire related to the evaluation of the medical stu-
dents’ answers (Table 4) on the evaluation of stigma after
augmented-reality simulation, on a 1–9 scale of no/nothing
and very/completely, 66.66% of the medical students marked
value 9, 4.76% of the students considered 8, and 9.52% picked
values 7, 6, and 5 concerning item “Would I feel sorry for
José?” On a 1–9 scale of no/nothing and very/completely
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Table 4: Questions and analysis of medical students’ answers on the evaluation of stigma after augmented-reality simulation.

Question/statement No/nothing [%] Very/completely [%]
1 2 3 4 5 6 7 8 9

I would feel sorry for José. — — — — 9.52 9.52 9.52 4.76 66.66
How dangerous do you think José is? 4.76 14.28 14.28 9.52 9.52 9.52 19.04 19.04 —
How scared would you feel with José? 9.52 14.28 23.80 9.52 9.52 4.76 14.28 4.76 9.52
I think José is guilty of his present condition. 90.47 4.76 — — 4.76 — — — —
I think it would be better for José’s community that he be
admitted to a psychiatric hospital. 33.33 14.28 4.76 4.76 14.28 9.52 — — 19.04

How angry would you feel about José? 76.19 4.76 14.28 4.76 — — — — —
How likely is it that you will help José? — — — — 9.52 14.28 14.28 9.52 52.38
I would try to stay away from José. 38.09 19.04 4.76 14.28 14.28 4.76 — 4.76 —
Do you think José should be forced to take medical treatment,
even against his will? 4.76 14.28 4.76 — 23.80 — 9.52 14.28 28.57

of item “How dangerous do you think José is?”, 19.04% of
the medical students considered values 8 and 7, 9.52% chose
values 6, 5, and 4, 14.28% marked values 3 and 2, and 4.76%
scored 1. Concerning item “How scared would you feel with
José?,” on a 1–9 scale of no/nothing and very/completely,
9.52% scored 9, 5, 4, and 1, while 14.28% scored values 7
and 2; 4.76% of the medical students considered 8 and 6,
and 23.80% selected value 3. On the 1–9 scale of no/nothing
and very/completely of item “I think José is guilty for his
present condition.” 90.47% picked value 1, and 4.76% of the
medical students considered values 5 and 2. In item “I think
it would be better for José’s community that he be admitted
to a psychiatric hospital,” on a 1–9 scale of no/nothing and
very/completely, 19.04% of the medical students scored value
9. 9.52% chose value 6, 14.28% considered each 5 and 2,
4.76% scored 4 and 3, and 33.33% selected value 1. 4.46%
of the medical students on a 1–9 scale of no/nothing and
very/completely, for item “How angry would you feel about
José?,” chose values 4 and 2, 76.19% chose value 1, and 14.28%
considered value 3. For item “How likely is it that you will
help José?,” on a 1–9 scale of no/nothing and very/completely,
9.52% of the medical students scored 8 and 5, 14.28% took 7
and 6, 52.38% scored value 9. 9.46% of the medical students
considered, on a 1–9 scale of no/nothing and very/completely,
values 8, 6, and 3, while 14.28% chose 5 and 4; 19.04%
of the medical students chose 2; and 38.09% scored 1, for
item “I would try to stay away from José.” On a 1–9 scale
of no/nothing and very/completely, 28.57% of the medical
students considered value 9, 14.28% of the students chose 8
and 2, 9.52% chose 7, 23.80% scored value 5, and 4.76% chose
values 3 and 1 for item “Do you think José should be forced
to take medical treatment, even against his will?” Table 4
shows the analysis of the medical students’ responses on the
evaluation of stigma after the augmented-reality simulation.

After the simulation, as stated by the questionnaires, there
was a trend to help the fictitious case patient. It is important to
note that there was also an increase in the trend to hospitalize
the patient and to treat him/her involuntarily.

These data indicate a change of posture after the sim-
ulation: while there was an increase in empathy, there was
an apparent greater impression that the presented picture

is serious. There was also an ascending trend after the
simulation of considering José dangerous.

The results demonstrated an increase in the mean stigma
score from 32.05 to 35.38 (𝑝 = 0.004), with statistical
significance in pity, fear, and segregation. On the other
hand, there was an increase in the average score referring
to the probability of giving help, from 7.00 to 7.81 (𝑝 =
0.034). The tool had good acceptance, demonstrated by the
average scores, for use as a teaching method (4.8), ability
to increase the understanding of people with schizophrenia
(4.57), realism of sound effects (4.29), realism of visual effects
(3.81), and sensation of immersion in reality (3.71), on a scale
from 1 (not at all) to 5 (extremely). In the analysis of the
emotional impact of the tool on individuals submitted to
the proposed environment, there was always some sort of
symptom, and the most common one was the difficulty of
maintaining focus and concentration.

Although this was an isolated intervention, there was
an increase in the mean total stigma score; moreover, the
simulation of psychotic symptoms through the augmented
reality also resulted in increased scores of the possibility of
helping a patient with psychosis. In general, the proposed
system obtained a good overall evaluation. Notwithstanding
these positive points, further improvements in the technique
will be needed in order to decrease discomfort and improve
concerns related to size and portability, so that the tool can
have a large-scale usage.However, in its present form, the new
tool can be used as an educational resource so that people can
become more familiar with the symptoms of schizophrenia,
and in doing so reducing its stigma and enhancing empathy
for the patients.

Thedesign of this study has limitations related to the long-
term effect of VR in the change of attitude towards the bearer
of schizophrenia. In cross-sectional analysis it is impossible to
predict whether the experiment is capable of causing lasting
stigma reduction.

4. Conclusion

This work presented the development of an augmented-
reality environment simulating the schizophrenia psychotic
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symptoms as an alternative tool to help reducing the
schizophrenia-related stigma so that there is no delay at
the beginning of treatment. We specifically addressed the
use of an augmented-reality environment through Sony
HMZ-T2 glasses, which proved useful for the simulation of
visual and auditory effects, managing to transmit the visual
effects well with few exceptions, such as people wearing
glasses, who could not see appropriately. The Panasonic RP-
BTGS10 headset, which uses bone tissue to transfer sound
vibrations to the nervous system, is promising, lightweight,
and affordable.

According to the results, the medical students and
specialist/psychiatrist included the use of the augmented-
reality environment as an educational resource for health
professionals as well as for family members and society in
search of reducing the disease-related stigma. In the analysis
of the emotional impact of the tool on individuals submitted
to the proposed environment, it shall be noticed that there
was always some sort of symptom, while the difficulty of
maintaining focus and concentration was the most common
one.

The tool developed in this work showed very promising
results, and can be applied in educational environments
(groups of schools, colleges, and technical training), in
hospitals and clinics, and in the training and awareness-
raising of groups that may come into contact with psychosis-
afflicted patients, such as police officers, municipal guards,
and family members, amongst many other applications. It
will be necessary to further improve the technique in order
to decrease discomfort and improve concerns related to size
and portability, so that it can have a large-scale application. In
general, the new tool can be used as an educational resource
so that people become more familiar with the schizophrenia
symptoms, and in so doing reducing its stigma and enhancing
empathy for the patients.

Longitudinal evaluation studies with one or multiple
exposures to the RV tool can demonstrate if the effects of the
experiment are lasting over time, as well as determining the
need to repeat the experiment to consolidate the expected
effect. Future studies may also indicate whether the effect
of immersion experience can be reinforced by supplemen-
tary psychoeducation measures such as short lectures on
schizophrenia, for example.
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