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A B S T R A C T

In motor imagery (MI) based brain–computer interface (BCI) signal analysis, mu and beta rhythms of electro-
encephalograms (EEGs) are widely investigated due to their high temporal resolution and capability to define
the different movement-related mental tasks separately. However, due to the high dimensions and subject-
specific behaviour of EEG features, there is a need for a suitable feature selection algorithm that can select the
optimal features to give the best classification performance along with increased computational efficiency. The
present study proposes a feature selection algorithm based on neighbourhood component analysis (NCA) with
modification of the regularization parameter. In the experiment, time, frequency, and phase features of the EEG
are extracted using a dual-tree complex wavelet transform (DTCWT). Afterwards, the proposed algorithm selects
the most significant EEG features, and using these selected features, a support vector machine (SVM) classifier
performs the classification of MI signals. The proposed algorithm has been validated experimentally on two
public BCI datasets (BCI Competition II Dataset III and BCI Competition IV Dataset 2b). The classification per-
formance of the algorithm is quantified by the average accuracy and kappa coefficient, whose values are 80.7%
and 0.615 respectively. The performance of the proposed algorithm is compared with standard feature selection
methods based on Genetic Algorithm (GA), Principal Component Analysis (PCA), and ReliefF and performs
better than these methods. Further, the proposed algorithm selects the lowest number of features and results in
increased computational efficiency, which makes it a promising feature selection tool for an MI-based BCI
system.

1. Introduction

Brain–computer interfaces (BCIs) find applications in assistive
technology to assist people with neuromuscular disorders. The BCI
system establishes a direct communication pathway between the elec-
trophysiological signals originating from the brain and the external
devices, such as a robotic arm, prosthetic device, or wheelchair [1]. Its
performance is independent of nerves and muscles which are damaged
or not fully functional to perform movements. For the design and de-
velopment of the BCI system, information from electroencephalogram
(EEG) signals of a subject is used as the main feature and is acquired
while performing a specific task for which the BCI system is intended to
be developed. These signals originate from the different brain locations
depending on the mental task performed by the subject, and these
signals are then used to generate command signals to control the ex-
ternal devices. In motor imagery (MI) we pick up the biopotential sig-
nals originating from the sensorimotor cortex area of the brain while a
person imagines the motor movements (without actually performing

the real movements) [2]. Event-related desynchronization (ERD) and
event-related synchronization (ERS) patterns are observed in the mu
rhythms (8–13 Hz) and beta rhythms (13–25 Hz) of the brain activity
during the motor imagery task [3].

Motor imagery-based brain-computer interface (MI-BCI) systems
have been finding wide application in medical fields, for instance, in
neuro-rehabilitation of stroke patients, real time control of a robotic
arm, and wheelchair control [4,5]. In the work of Cantillo-Negrete et al.
[6], a scheme has been proposed to couple MI-BCI with a robotic or-
thosis device to rehabilitate human upper extremities post-stroke. In
general, the raw EEG data of the patients are analysed using compu-
tational models to classify various mental tasks. The EEG pattern clas-
sification can be performed using pattern recognition methods such as
feature extraction, feature selection, and classification or regression
[7,8]. To date many algorithms have been proposed to classify the
mental tasks for different BCI applications [9–15]. However, obtaining
a higher classification performance is still a challenging task, and fur-
ther, the high dimensions of the features extracted from EEG data make
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the analysis task a complex and computationally expensive exercise
[16]. To address these issues, feature selection techniques have been
implemented to reject the redundant features. Some of the feature se-
lection approaches applied in the recent studies for MI classification
include Principal Component Analysis (PCA) [17], Independent Com-
ponent Analysis (ICA) [18], and evolutionary algorithms based on the
Firefly Algorithm (FA) [19], Differential Evolution (DE) [20], and Ar-
tificial Bee Colony (ABC) optimization [21]. Broadly, the feature se-
lection techniques are categorized as filter methods and wrapper
methods [22]. In the filter approach, features are selected based on the
statistical properties of the input data, whereas wrapper methods use a
classifier to select the best subset of features. In the work of Ramos et al.
[23], a comparison of one wrapper method [Genetic Algorithm (GA)]
and five filter methods, (i) Correlation-based Feature Selection (CFS),
(ii) ReliefF, (iii) Consistency, (iv) mRmR, and (v) C4.5, was done. In this
comparison, feature selection techniques were combined with different
classifiers and the performance was compared using the classification
accuracy and kappa value. Ramos et al. concluded that GA with a linear
discriminant analysis (LDA) classifier outperforms all the other com-
binations. Thus, wrapper procedures provide better performance than
the filter methods but are computationally expensive as multiple
training sessions of the classification algorithm are involved. Moreover,
the performance of the wrapper methods is highly dependent on the
initial configurable parameters, which need to be manually defined by
the user. Goldberger et al. [24] proposed Neighbourhood Component
Analysis (NCA), a feature weighting approach which optimizes the
nearest neighbour classifier performance to address the issue of high
dimensionality of the training data. However, the cost function of NCA
is prone to overfitting, and an improved version of NCA with a reg-
ularization term was proposed by Zhirong Yang et al. [25], where the
regularization term was selected empirically. To alleviate the problem
of optimal selection of the regularization term, we introduced a
learning-based method for the tuning of the regularization parameter to
be added to the cost function of the conventional NCA. This algorithm
mainly targets the problem of optimizing the subject-specific EEG fea-
tures to further improve the MI classification performance. The im-
proved method, namely regularized NCA (RNCA) has been validated as
a feature selection technique on two public MI datasets. The effec-
tiveness of the proposed feature selection RNCA algorithm is compared
with the following standard feature selection algorithms: (i) PCA, (ii)
GA, and (iii) ReliefF. The RNCA is a relatively new approach that, to the
best of our knowledge, has not been applied to an MI dataset. In our
approach, differentiation of EEG corresponding to mental tasks is per-
formed using steps that include statistical, phase, and frequency fea-
tures extraction followed by selection of the best subset of features
using the RNCA and finally classification utilizing a support vector
machine (SVM) classifier.

The subsequent sections of this paper are presented as follows.
Section II describes the methods and materials used in this work such as
dataset descriptions, feature extraction techniques, and competing
feature selection algorithms including the proposed RNCA feature se-
lection method. The results and discussion are presented in Sections III
and IV, respectively, and finally, the conclusions drawn are given in
Section V.

2. Methods and materials

2.1. EEG dataset and paradigm

In this work, two EEG datasets provided by BCI Competitions II and
IV are used. Brief descriptions of the datasets used are as follows.

Dataset 1: The first dataset used in this work was provided by BCI
Competition II (Dataset III) [26]. The Department of Medical Infor-
matics, Institute for Biomedical Engineering, Graz University of Tech-
nology (Gert Pfurtscheller, Alois Schlögl) performed experiments with
the aim of providing continuous control over a BCI-feedback system.

This dataset was recorded from a 25-year-old female while she per-
formed a motor imagery task of two classes (left-hand or right-hand
movement) with a feedback session. The dataset contains a three-
channel EEG from channel locations C3, CZ, and C4 sampled at 128 Hz
and bandpass filtered between 0.5 and 30 Hz. The subject was sitting
comfortably in an armchair and was instructed to control a feedback
bar by imagining right-hand or left-hand movement according to the
displayed cue. A total of 140 labelled training trials and 140 unlabelled
test trials were recorded. Every trial consists of a 9-s EEG recording with
the initial 2 s as a rest period; at the time t= 2 s an acoustic sound
indicating the start of the trial occurred for 1 s. At t= 3 s, the subject
started to see an arrow as a cue pointing either right or left and the
subject performed the motor imagery task by moving the feedback bar
in the direction of the cue by imagining the right-hand or left-hand
movement.

Dataset 2: BCI Competition IV (Dataset 2b) [27] provided the
second dataset used in this work. Dataset 2b was recorded by the In-
stitute for Knowledge Discovery (Laboratory of Brain–Computer Inter-
faces), Graz University of Technology (Robert Leeb, Clemens Brunner,
Gernot-Müller-Putz, Alois Schlögl, Gert Pfurtscheller). This dataset
consists of three bipolar EEG channel signals acquired from nine sub-
jects for two classes (left- and right-hand motor imagery). Bandpass
filtering is applied between 0.5 and 100 Hz with a notch filter at 50 Hz
to remove the power line noise.

2.2. Preprocessing

Due to the randomness and non-stationary nature of the EEG time
series, there is a need to preprocess the data, which helps in noise re-
duction and identification of the main components present in the EEG
signal. Further temporal characteristics of the EEG signal suggest that it
varies significantly between different subjects and also between dif-
ferent training sessions with the same subject. To avoid such issues,
time-frequency analysis of the EEG signal is performed to extract fea-
tures in the time and frequency domains at the same time. To accom-
plish this, we selected a dual-tree complex wavelet transform (DTCWT)
to decompose the EEG signal. The DTCWT is an enhancement of a
discrete wavelet transform (DWT). DWTs are widely used to deal with
non-stationary signals like EEGs, and problems with DWT such as
aliasing and power losses at the transaction bands can be resolved using
DTCWT [28].

In the EEG signal, ocular artefacts are more prominent up to 10 Hz.
To remove ocular artefacts, an adaptive threshold presented by Zikov
et al. [29] is applied to the coefficients of the sub-bands with a de-
composition level below 10 Hz. In DTCWT, two DWTs work in parallel
to compute the real and imaginary parts of the transform. Fig. 1 shows
the analysis and synthesis filter banks of DTCWT used to analyse the
EEG signal in the wavelet domain. In the present work, the level of
decomposition selected was 4, and the signal was decomposed into four
details, D1–D4, and one approximation A5.

2.3. Feature extraction

The decomposition of the EEG signal into frequency sub-bands after
preprocessing results in increased dimensionality. The feature extrac-
tion is applied to reduce the high dimensionality and improve the dif-
ferentiable capacity of the dataset between the different motor imagery
classes. In other words, feature extraction provides the primary in-
formation carried by the raw EEG signal that can easily distinguish
between different mental states. The feature space that contains the
highlighted information is generated.

In this method, instead of using a wider frequency band, we have
used three frequency sub-bands which are most associated with the mu
and beta rhythms to analysis the ERS/ERD patterns. From the pre-
processing step, wavelet coefficients of the three decompositions,
D2–D4, are selected, considering the frequency range of interest
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4–30 Hz. The frequency ranges of D2 and D3 are 4–8 Hz and 8–15 Hz,
respectively. Thus, they give only the mu rhythms of the brain activity
and filter the other frequency components. However, for beta activity,
we have used the sub-band D4 ranging between 15 and 30 Hz.

Parameters used to create feature space are a combination of var-
ious statistical, frequency, and phase information features of the EEG
signal for each frequency sub-band. The parameters used in this work
are as follows:

2.3.1. Statistical features
Discriminatory information from the wavelet coefficients of the raw

EEG signal can be defined and calculated using statistical analysis
[30,31]. In our approach, five statistical features are evaluated, namely
the mean absolute values (MAV), standard deviation, variance, sample
entropy, and root mean square (RMS) values of the coefficients of the
details D2–D4 for channel locations C3 and C4.

2.3.2. Frequency features
The power spectral density (PSD) of the EEG signal describes the

power carried by the signal as a function of frequency [32]. The EEG
signal of two channels, C3 and C4, is filtered using DTCWT in three
separate frequency bands ranging between 4 and 30 Hz. The PSD of
each sub-band is evaluated.

2.3.3. Phase features
Phase locking value is a method of measuring the instantaneous

phase relationship between two signals [33]. We use the EEG signal
from the channel location CZ as a reference signal, and the phase re-
lationship of C3 and C4 is calculated with respect to the reference CZ.
The PLV is calculated for all three sub-bands.

Considering three sub-bands and the signal from two channel lo-
cations with seven features extracted, the outcome dimension of the
feature space is × × =3 2 7 42 features. Hence, the complete training
set is a × N42 matrix, where N represents the total number of trials.
Table 1 gives a brief description of all the features.

2.4. Feature selection

Feature selection is performed to convert the m-dimensional feature
vector to a lower p-dimensional feature vector by rejecting the

redundant features. Also, the feature selection procedure plays a vital
role in reducing the amount of data used for training the classifier. As a
result, the execution speed of the classifier increases. The feature se-
lection is said to be adequately performed if it enhances the general-
ization performance. In this section, four feature selection methods and
the proposed algorithm are explained in detail.

2.4.1. Genetic Algorithm
Charles Darwin's theory of natural evolution inspired the Genetic

Algorithms (GAs) [34]. GAs are computational models which replicate
the natural process of selecting the fittest individuals to reproduce the
best offspring of the next generation. As a feature selection technique, it
works to preserve the critical information carried by the features. GAs
solve the feature selection problem by considering a chromosome-like
data structure where a population of chromosomes is chosen and each
chromosome is encoded as an array of binary bits. The length of the
array is taken to be equivalent to the size of the feature set in the
problem. Thus, each bit in the array represents one particular feature.
Features with the bit value ‘high’ are selected for classification while
those with the bit value ‘low’ are rejected. Hence, each chromosome
represents one feature subset. Then, the fitness value of every chro-
mosome from the population is measured as the kappa coefficient and
classification accuracy using a learning algorithm. In our approach, the
population size was equal to the length of the features set, and the
tournament selection method was used with the elitist size set to two
[35]. Also, the arithmetic crossover function was applied to every
generation for the creation of next-generation offspring. The generation
size was varied during the experiment.

2.4.2. Principal Component Analysis
Principal component analysis (PCA) is an unsupervised feature se-

lection technique that can linearly transform a higher dimensional
feature space into a lower dimensional feature space using the statis-
tical approach [36]. Some of the variables in the original feature space
are correlated with one another, and there exists some redundancy.
These correlated variables are linearly combined into a smaller number
of principal components that preserve the maximum amount of var-
iance in the variables. Principal components are orthogonal to one
another to avoid redundancy.

For feature selection, we evaluated the contributions of individual

Fig. 1. DTCWT (a) Analysis filter bank of DTCWT and (b) synthesis filter bank of DTCWT.

Table 1
Description of different features extracted using statistical, frequency and phase analysis.

Feature Index Features description

1–6 MAV of the Details D2-D4 for two EEG channels × =(3 2 6)
7–12 The standard deviation of the Details D2-D4 for two EEG channels × =(3 2 6)
13–18 The variance of the Details D2-D4 for two EEG channels × =(3 2 6)
19–24 Sample entropy of the Details D2-D4 for two EEG channels × =(3 2 6)
25–30 Root mean square (RMS) of the Details D2-D4 for two EEG channels × =(3 2 6)
31–36 PSD of the Details D2-D4 for two EEG channels × =(3 2 6)
37–42 Phase locking value of the Details D2-D4 for two EEG channels × =(3 2 6)
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features to the principal components. We let the size of the training set
S be − −n by p, where rows of S correspond to trial observations and
columns correspond to features. In PCA, S is transformed into a coef-
ficient matrix of size − −p by p, in which each column represents the
coefficients of one principal component and columns are arranged in
descending order of features variance [37]. To evaluate each feature's
contribution, the original data set S is multiplied by the PCA coefficient
matrix, which will project the original data onto the principal compo-
nent vector space. In our method, we calculated the mean and variance
of the columns of the projected data matrix to read the contribution of
each feature to the principal components. Thus, features with a larger
absolute mean compared with the variance are selected for classifica-
tion.

2.4.3. ReliefF
As a filter approach, ReliefF [38] is an effective algorithm to solve

multiclass data problems. The algorithm randomly selects a sample x
from the training set and searches for k nearest neighbour samples of
the same class and k nearest neighbour samples of the non-similar
classes. Using the Euclidean distance, the closest nearest neighbour
samples from each class are selected. A relevant weight is assigned to
each feature by comparing the interclass distance and intraclass dis-
tance from the neighbour samples. This procedure is repeatedly per-
formed on each feature sample, and each feature is assigned a weight.
The features selected as the best subset have weights larger than a
predefined threshold.

2.5. Neighbourhood component analysis

Neighbourhood component analysis (NCA) is a learning algorithm
to measure the Mahalanobis distance used in the KNN classification
algorithm [24]. NCA as a feature selection technique is a feature
weighting scheme to select the best subset of features by maximizing an
objective function that evaluates the average leave-one-out classifica-
tion accuracy over the training data [39]. The algorithm works to assess
a weighting vector w that corresponds to the feature vector xi by op-
timizing the nearest neighbour learning classifier. In the NCA frame-
work, like 1-nearest neighbour classifier, a reference sample point xj is
selected for the sample xi from all the samples. The probability Pij of xj
being chosen as a reference point for xi from all the samples is higher
depending on the closeness of the distance between the two samples.
This distance can be measured by a weighted distance Dw defined as

∑= −
=

D x x w x x( , )w i j
m

r

m im jm
1

2

(1)

where wm is the assigned weight of the mth feature. The relation be-
tween the probability Pij and the weighted distance Dw can be estab-
lished by introducing a kernel function k which returns large values for
small Dw. The Pij can be defined as

=
∑ = ≠

P
k D x x

k D x x
( ( , ))

( ( , ))ij
w i j

j j i
n

w i j1, (2)

Also, if =i j, then Pii =0. The kernel function k is defined as
= −( )k z exp( ) z

σ and the parameter σ is the kernel width, which affects
the probability that a sample xj will be selected as a reference point.
Now, the probability of xi being correctly classified can be written as

∑=
= ≠

P P Yi
j j i

n

ij ij
1, (3)

where Yij indicates one only if =y yi j. Hence, the average leave-one-out
classification accuracy is the summation of Pi over all the trials divided
by the total number of trials, which can be seen as an objective function
which needs to be maximized. However, this objective function is prone
to overfitting. A term-regularization parameter λ is introduced in the

final objective function to avoid overfitting of the NCA model [39].
Thus, the objective function can be expressed as

∑ ∑= −
= =

A P λ w
i

n

i
m

r

m
1 1

2

(4)

The objective defined in Eq. (4) is known as the regularized NCA
(RNCA). The target of RNCA is to maximize the objective function A. To
perform this, A can be solved using the conjugate gradient approach. If
A is limited to be a diagonal matrix, then its diagonal values provide
the weight of each feature. Based on the weights outcome, the best
subset of features is selected.

2.6. Proposed method: RNCA as feature selection

This work assesses the performance of feature selection on the BCI
dataset using RNCA. The idea of this method is to select the subset of
features which gives the maximum classification accuracy or minimum
generalization error. Further, this study presents a technique to reg-
ularize the NCA model of Eq. (4) for the feature selection of the MI data.
Our approach contains the following steps:

Step 1: To apply feature selection on the BCI dataset, we begin by
considering the training set = =S x y i N{( , ), 1,2, .. }i i , where xi are
the feature vectors, N is the number of trials, ∈y C{1,2, .. }i defines
its class label, and C is the number of classes. In this work, xi
comprise 42 features explained in Section 3 for two motor imagery
classes.
Step 2: We perform the fivefold cross-validation on the training set S
and evaluate the generalization error, err , defined as

∑= ≠
=

err
n

I k t1 ( )
i

N

i i
1 (5)

where ki represents the predicted class, ti is the true class, and I x( )
returns 1 when ki is not equal to ti and otherwise returns 0.

Step 2 is executed to check whether feature selection is required.
Now we fit the NCA model defined by Eq. (4) while keeping reg-
ularization parameter λ equal to zero and again calculate the gen-
eralization error. If the value of the generalization error after fitting
the NCA model is less than that obtained before fitting the model,
then there is a need for feature selection.
Step 3: Now, we tune the regularization parameter λ to obtain the
minimum classification loss. To do this, we generate a uniformly
distributed array λval of length L. Then, we fit the NCA model for
each λ and store the estimated generalization error in an array.
Step 4: Step 2 is executed repeatedly for all folds and all values of λ.
Simultaneously, the average classification loss is calculated from all
the folds for each λ value. Subsequently, the value of λ corre-
sponding to the minimum average classification loss is selected as
the best lambda, λBest .
Step 5: Using the λBest value, the NCA model is run on the complete
data and the feature weights of each feature are evaluated. Features
with weights higher than 5% of the maximum feature weight are
selected to classify the data.
Step 6: Next, the SVM classifier is trained using the updated training
set selected in the previous step. We calculate the evaluation para-
meters such as confusion metrics, kappa value, and classification
accuracy.

Note: The classification accuracy (CA) is equal to − err1 . Therefore,
this algorithm works well if we search for a subset with the maximum
CA instead of the minimum classification error.

The complete scheme of the proposed method is summarized in
Fig. 2.
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2.7. Classification

This work implemented a support vector machine (SVM) as a clas-
sifier to perform the classification task on the two MI datasets. The SVM
classifier creates a discriminant hyperplane to improve the general-
ization capabilities by maximizing the margin between the classes. The
SVM is a relatively fast algorithm and is capable of dealing with a large
dataset [40]. Since the MI datasets used in this work have two classes
(right-hand and left-hand motor imagery), the SVM model creates a
hyperplane to differentiate the two classes in such a way that the gap
between them is globally maximized.

3. Results

This section elucidates the feature selection and the classification
performances of the proposed method in comparison with the baseline
methods explained in this paper. Algorithms used in this work were
developed and implemented on a computer having 12 GB of RAM and
an Intel Core i7 (@ 3.4 GHz) processor using the 64-bit version of
Matlab R2018a software and were applied to the two different BCI
datasets explained in Section II. Dataset 1 has EEG data from one
subject for one training session, while Dataset 2 consists of EEG data
from nine different subjects obtained during two training sessions for
each subject. Hence, the EEG recordings of 19 training sessions were
used in this work.

3.1. Feature selection results

The selection of a particular feature is based on the weight of that
feature calculated by the feature selection algorithm. The data of sub-
ject ID B0101T of BCI Competition IV Dataset 2b are chosen to re-
present the results of the feature selection methods. Specifically, pre-
ceded by preprocessing and feature extraction using the DTCWT, a
feature space of dimension × N42 features is generated.

Fig. 3(a) illustrates the weights evaluated for each feature using
ReliefF. It shows the feature weights in descending order, and accord-
ingly, a rank is provided to each feature; that is, the feature with the
most significant weight has been assigned rank 1 and so on. For clas-
sification, the features with the positive weights are selected.

In PCA analysis, the contribution of each feature to the principal

components is evaluated by projecting the dataset on another co-
ordinate, that is, the principal axis. Then, the absolute mean and var-
iance of each feature in the principal coordinate are calculated and
plotted as shown in Fig. 3(b). The features whose absolute mean is
greater than the variance are selected for classification.

The performance of RNCA for feature selection is shown in Fig. 4.
First, the best regularization parameter was determined as 0.0077 with
an average classification loss of 0.105. Using this value of the reg-
ularization parameter, the weights of all the features were evaluated.
Subsequently, a threshold of 5% of the maximum weight is set to select
the features. It is notable that only six features have weights sig-
nificantly more than 5% of the maximum weight, and hence these
features are selected for classification.

Further, Figs. 3 and 4 show the feature selection procedure applied
to EEG data of only one training session; the same methodology was
applied to all the EEG data from the 19 training sessions. Fig. 5 presents
the comparison of the average number of features selected using RNCA,
ReleifF, PCA, and GA. Although all the algorithms considerably reduce
the irrelevant features, it is notable that RNCA outperforms the other
algorithms on the data from most of the training sessions with an
average of 6.6 ± 1.88 features selected. The number of features se-
lected (FS) using various algorithms for each training session is listed in
Table 2. However, the reduced number of features improves the ex-
ecution speed of the classifier; it is also crucial that the selected subset
of features must enhance the classification performance. The following
section presents the classification results.

3.2. Classification performance

In the present study, two evolution criteria [41], namely the clas-
sification accuracy and the kappa coefficient, have been chosen to
compare the effectiveness of the different feature selection approaches
for the classification performance. The classification accuracy is defined
as

= =
∑

∑ ∑

=

= =

classification accuracy p
n

n
i
C

ii

i
C

j
C

ij
0

1

1 1 (6)

where nii and nij represent the elements of the confusion matrix and
indicate how many times class i has been predicted as class j. If =i j

Fig. 2. Workflow elucidates the proposed method used to reduce the high dimensional MI Dataset.
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then a true class is predicted by the classifier.C is the number of classes,
which is two in our case. The kappa coefficient is defined as

=
−

−
kappa cofficient

p p
p1

e

e

0

(7)

where pe is the expected accuracy, which turns out to be 0.5 for a two-
class problem. SVM is used as a classifier, and fivefold cross-validation
has been applied to divide the data into training and test sets. The
comparison of the classification accuracy, kappa coefficient, and the
number of features selected using feature selection techniques such as
RNCA, PCA, ReliefF, and GA is shown in Table 2. It is observable that
the learning-based feature selection methods such as GA and RNCA
perform better than rank-based feature selection methods such as Re-
liefF and PCA in terms of classification performance. Also, in learning-
based feature selection approaches, RNCA achieved better classification
performance than the GA. The average classification accuracy and
kappa coefficient achieved by RNCA were 80.7% and 0.615, which are
better values than those produced by GA, which were 78.9% and 0.579.
The best classification accuracy of 99.2% was achieved for subject ID
B0401T using RNCA. As can be seen from Table 2, on comparing the
classification accuracy and kappa coefficient, RNCA achieved the
highest values for all subjects, except for subject IDs BCI1, B0302T,
B0702T, B0801T, B0902T.

Besides the classification accuracy and kappa coefficient, the con-
fusion matrix is further analysed in detail and parameters such as
precision, recall or sensitivity, specificity, and F1-score are evaluated
for each subject and averaged over the data from 18 training sessions of
Dataset 2. These parameters range between 0 and 1, with 1 indicating
the highest classification performance. Table 3 lists the average values
of the confusion metrics obtained using different feature selection ap-
proaches. The obtained results suggest that the RNCA improved the
classification performance in comparison to the other feature selection
algorithms.

Further, the Friedman test and a Wilcoxon signed ranks test as the
post hoc statistical test are performed to statistically validate the results

given in Table 2. The null hypothesis assumes that the performance of
all the algorithms is identical. After ranking all the algorithms for each
subject ID separately, the Friedman test averages the ranks over all the
subject IDs and calculates the p-value. A low p-value indicates that the
null hypothesis is rejected and that there is a statistical difference. To
find out which algorithm has the source of statistical difference¸ the
Wilcoxon signed ranks test is conducted as the post hoc statistical test.
The algorithm with the best rank is selected as the control algorithm,
and then a pairwise comparison of all the other algorithms and the
control algorithm is performed. The Friedman test was applied to the
classification accuracies obtained in Table 2 of Dataset 2 and it was
found that the null hypothesis was rejected (p=2.55e-9). The RNCA
achieved the best rank of 1.33 and was selected as the control algorithm
to perform the Wilcoxon signed ranks as the post hoc test. Table 4
shows the mean rank obtained across the data from 18 training sessions
of Dataset 2, and Table 5 presents the p values obtained by pairwise
comparison of the algorithms. The results of the statistical tests indicate

Fig. 3. Weights assigned to different features using (a) ReliefF algorithm and (b) Principal Component Analysis (PCA).
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that the classification performance of SVM with RNCA used for feature
selection is better than that obtained without feature selection
(p < 0.05), feature selection with ReliefF (p < 0.05), PCA
(p < 0.05), and GA (p < 0.05).

4. Discussion

The present study analysed the effectiveness of the proposed feature
selection approach RNCA in MI EEG classification. Although compar-
ison with some baseline feature selection methods has proven the su-
periority of RNCA, further discussion of the mechanism of the algorithm
is provided in this section to present the potential advantages and
limitations of the proposed method.

4.1. Selection of optimal features by RNCA

For MI EEG pattern recognition, sensory motor rhythms (SMRs) are
analysed to discriminate between two classes of motor imagery [3]. In
various studies, it is noted that the selection of an inappropriate fre-
quency band leads to suboptimal classification performance; hence care
has to be taken while selecting a frequency band [9,42]. In our ap-
proach, filtering of EEG into three sub-bands with frequency ranges of
4–8 Hz, 8–15 Hz, and 15–30 Hz, respectively, is performed by DTCWT,
and accordingly, time, frequency, and phase features are extracted.
Afterwards, features with greater importance have been selected using
RNCA. The results presented in Tables 2–5 show that RNCA selects a
smaller number of features with increased classification performance
compared to GA, ReliefF, and PCA. Another finding of the results is that
the frequency domain feature, that is, the power spectral density (PSD)
of the channels C3 and C4 in the frequency range 8–15 Hz, has high
importance and has been selected for eight out of ten subjects (see
Fig. 6). These results are backed by numerous studies [3,31,43] that
have suggested that the PSD of the mu rhythm (8–13 Hz) carries vital
information about motor imagery tasks. Furthermore, as we have used
multiple feature extraction methods, our proposed algorithm RNCA has
selected significant features which are different for different subjects,
which shows that RNCA is a robust algorithm for use in the design of a
subject-specific BCI system.

However, although RNCA has shown potential in selecting optimal
features from appropriate frequency bands, a few studies [9,44] have
demonstrated the importance of choosing a potential time window,
since the neural response time to different MI tasks is subject specific.
Therefore, use of a fixed time window may degrade the classification
performance of the MI BCI system, and this is worth our consideration.
Keeping this in view, our work can be further extended by using shifted
and varying time windows, but this will also increase the computational
cost.

4.2. Configurable parameter

So far, numerous wrapper structure-based feature selection ap-
proaches have been proposed to improve the classification performance
of MI EEG [9,15,45,46]. The experimental results have shown that the
behaviour of most of these algorithms is highly variant because of the
diversity in the selection of the configurable parameters. The parameter

Table 2
Comparison of classification accuracy (CA), kappa coefficient and the number of features selected (FS) between ReliefF, PCA, GA and RNCA for motor imagery data of
19 different training sessions from BCI competition II (dataset III) and IV (dataset 2b). Values in boldness indicate the largest value compared with all others.

Subject ID All Features ReliefF PCA GA RNCA

CA Kappa FS CA Kappa FS CA Kappa FS CA Kappa FS CA Kappa FS

Dataset 1 BCI1 77.1 0.542 42 80.7 0.614 26 69.3 0.586 11 81.4 0.628 7 80.7 0.614 11
Dataset 2 B0101T 84.2 0.684 42 88.3 0.766 16 72.2 0.444 15 91.7 0.834 19 93.3 0.866 6

B0102T 82.5 0.650 42 91.7 0.834 10 65 0.300 12 91.7 0.834 8 92.5 0.850 7
B0201T 62.5 0.250 42 64.2 0.284 22 57.5 0.150 12 72.5 0.450 8 73.3 0.466 16
B0202T 60.0 0.200 42 62.5 0.250 12 56.7 0.134 15 70.8 0.416 8 73.3 0.466 7
B0301T 58.3 0.166 42 64.2 0.284 13 54.2 0.084 11 66.7 0.334 4 67.5 0.350 7
B0302T 49.2 −0.016 42 51.7 0.234 33 50.8 0.016 10 54.2 0.084 4 49.2 −0.016 3
B0401T 87.5 0.75 42 80.0 0.600 10 97.5 0.950 12 95.8 0.916 25 99.2 0.984 4
B0402T 92.1 0.842 42 91.4 0.828 38 77.1 0.542 10 94.3 0.886 3 94.3 0.886 5
B0501T 75.8 0.516 42 90.0 0.800 11 64.2 0.284 9 91.7 0.834 6 91.7 0.834 6
B0502T 73.6 0.472 42 72.1 0.442 13 70.0 0.600 15 70.7 0.414 7 73.6 0.472 8
B0601T 79.2 0.584 42 80.8 0.616 30 60.0 0.200 11 86.7 0.734 8 94.2 0.884 3
B0602T 76.7 0.534 42 85.0 0.700 12 60.8 0.216 9 87.5 0.750 5 88.3 0.766 2
B0701T 67.5 0.350 42 65.8 0.316 19 59.2 0.184 11 65.8 0.316 5 70.8 0.416 11
B0702T 61.7 0.234 42 65.8 0.316 23 50.8 0.016 9 63.3 0.266 11 64.2 0.284 9
B0801T 67.5 0.350 42 73.1 0.462 13 62.5 0.250 13 78.8 0.576 5 78.1 0.562 2
B0802T 75.8 0.516 42 65.8 0.316 7 70.0 0.400 10 78.3 0.566 6 80.8 0.616 6
B0901T 67.5 0.35 42 85.0 0.700 8 66.7 0.334 11 75.0 0.500 6 88.3 0.766 2
B0902T 73.3 0.466 42 81.7 0.634 25 57.5 0.150 13 83.3 0.666 8 81.7 0.634 11

Mean Values 72.2 0.444 42 75.7 0.526 18 64.3 0.307 11.52 78.9 0.579 8 80.7 0.615 6.6

Table 3
Averaged classification performance metrics of SVM classifier on BCI compe-
tition IV dataset 2b present a comparison between compared feature selection
methods. Values in boldness indicate the largest value compared with all
others.

All Features ReliefF PCA GA RNCA

Precision 0.7103 0.7518 0.6454 0.8277 0.8541
Recall or Sensitivity 0.6836 0.7408 0.6287 0.7408 0.7895
Specificity 0.7305 0.7483 0.6785 0.8224 0.8341
F1 Score 0.6951 0.7419 0.6355 0.7625 0.8089

Table 4
Mean rank of feature selection methods for the Friedman test.

Feature Selection Method All Features ReliefF PCA GA RNCA

Mean Rank 3.83 2.97 4.52 2.33 1.33

Table 5
Statistical analysis of classification accuracy differences between the compared
methods on BCI competition IV Dataset IIb: Results of Wilcoxon signed ranks
test as post hoc with alpha=0.05.

Hypothesis RNCA vs. All
Features

RNCA vs.
PCA

RNCA vs.
ReliefF

RNCA vs. GA

P-value (alpha= 0.05) 0.000438 0.001169 0.000232 0.017135
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controlling the nature of our approach is the length L of the uniformly
distributed array λval. We have investigated the classification accuracy
against varying values of L. In particular, we varied the value of L from
40 to 160 in steps of 20 and evaluated the classification accuracy for
five subjects (see Fig. 7). It should be noted that the stability of our
proposed algorithm is affected by varying values of L to some extent.
For most of the subjects, CA is very stable over varying values of L,
especially in the range from 80 to 120. Although this range of the
parameter L has given a potentially improved classification accuracy,
this method of selecting the optimal range of parameter L decreases the
processing speed of the algorithm and also requires additional datasets.
This limits the practicality of the proposed feature selection method to
some extent. Hyperparameter optimization techniques in BCI have been
introduced in some recent studies [47,48] and have shown potential in
automatic selection of the optimal hyperparameter. As an extension of
the proposed feature selection approach, some parameter optimization
methods can be used to improve the BCI performance, which is worth
our future consideration.

4.3. Computational complexity

The complexity of the feature selection algorithm increases the total
processing time. Table 6 lists the processing time, training time, and
testing time of the different algorithms used in our work. From the
results, it can be observed that feature selection methods such as RNCA
and GA that use a learning algorithm to optimize the classification

performance have higher computational times than PCA and ReliefF.
On the whole, the processing time of PCA is the fastest, with an average
of 0.3984 s, while the processing times of RNCA and GA are 22.16 s and
38.94 s, respectively. Although the RNCA feature selection time is
higher due to the inner loop for estimation of the classification error, it
is a one-time procedure and does not affect the testing time. Also, due to
the exclusion of a higher number of irrelevant features, RNCA with the
SVM classifier built a prediction model that attained a faster classifi-
cation speed compared with the prediction models made using GA,
PCA, and ReliefF as feature selection methods and the SVM classifier.

For the design of a practical BCI system, it is essential that the
system responds to different subjects with the same efficiency. Since the
neural response to the MI task is subject and frequency band specific,
high system performance cannot be achieved with a fixed set of fea-
tures. Hence, there is a need for a practical feature selection approach
capable of selecting an optimal subset of features for different subjects.
This experimental study has demonstrated that the proposed RNCA
feature selection method can be used efficiently for different subjects.
Although the present study is conducted in an offline scenario, this
work will be further extended to implement a real-time MI BCI system
to control a prosthetic arm.

5. Conclusion

This study presents the effectiveness of RNCA as a feature selection
method to enhance the classification performance of motor imagery
tasks on datasets provided by BCI Competitions II and IV. For com-
parative study, we used two rank-based feature selection methods, PCA
and ReliefF, and one learning-based method, GA. The SVM classifier has
been used to evaluate the classification performance of each algorithm.
We have investigated whether the subset of features estimated by the
proposed RNCA algorithm successfully eliminated the irrelevant fea-
tures and improved the overall classification performance of the SVM
classifier for a two-class motor imagery problem. The results reveal that

Fig. 6. The number of times a feature is selected by RNCA for ten subjects. Results indicate that the RNCA feature selection method is capable of selecting optimal
features occur at different frequency bands for different subjects.

Fig. 7. Change in classification Accuracy (CA) with respect to parameter L of
RNCA for five subjects BT102, BT301, BT502, BT702, and BT902, respectively.

Table 6
Comparison of the average processing time of four feature selection methods:
ReliefF, PCA, GA, and RNCA. SVM. Values in boldness indicate the largest value
compared with all others.

ReliefF PCA GA RNCA

Algorithm Processing Time (s) 1.257415 0.3984 38.9404 22.1616
Training Time (s) 0.3478 0.3598 0.3758 0.3137
Testing Time (s) 0.0392 0.0250 0.0183 0.0124
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the RNCA performed better on the feature selection task when com-
pared with PCA, ReliefF, and GA. An important issue is the processing
time of RNCA. Due to the diversity in the selection of configurable
parameters that control the nature of RNCA and GA, the computational
cost of these methods is higher than that of the rank-based feature se-
lection methods. However, the execution time of the RNCA is faster
than that of GA. It is also concluded that due to the reduction in the
feature space, the training and testing times of the prediction model
were faster for RNCA than for ReliefF, PCA, and GA. Further, this work
can be extended by varying the feature space dimensions and opti-
mizing the configurable parameters that control the nature of RNCA to
attain a reasonable processing speed. This study concludes that the
feature selection using RNCA is the best choice to discriminate between
different motor-related mental tasks where high classification accuracy
with a reasonable processing speed is required.
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