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Motor imagery (MI) based brain-computer interface systems involving multiple tasks are highly required
in many real-time applications such as hands and touch-free text entry, prosthetic arms, virtual real-
ity systems, movement of a wheel chair, cursor movement, etc. The classification of MI data is the core
computing in all these systems. However, the existing classification techniques are either computation-
ally expensive or not so accurate or both. To address this limitation, in this work, a sparse representation
based classification technique has been proposed to classify multi-tasks MI electroencephalogram data.
The proposed method computes only wavelet energy directly from the segmented MI data and constructs
a dictionary. The sparse representation from the dictionary is then used to classify given a test data. The
proposed approach is faster as it works with only a single feature and without the need for any pre-
processing. Further, with a reduced length of an imaging period, the proposed method provides accurate
classification in a lesser computation time. The performance of the proposed approach has been evalu-
ated and also compared with other classifiers reported in the literature. The results substantiate that the

proposed sparsity approach performs significantly better than the existing classifiers.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Brain—-computer interface systems (BCIs) aim to provide a
better and quality life for the people with disabilities [1]. A num-
ber of physiological sensors are known to develop a BCI system,
out of which electroencephalogram (EEG) is popular among the
practitioners as it satisfies both convenience criteria (i.e., non-
intrusiveness, non-obtrusiveness, and simplicity) and effectiveness
criteria (i.e., sensitivity, efficiency, and compatibility) [2]. A BCI
system with an EEG captures the brain signal and the captured
signals are then translated into control commands in several appli-
cations, such as navigation in virtual reality (VR) environments [3],
movement of a cursor in computer screen [4|, movement of a
wheelchair [5], control of robot [6], prosthetic arm movements [7],
etc. The EEG-based BCls are mostly built using visually evoked
potentials (VEPs), slow cortical potentials (SCPs), event-related
potentials (ERPs), and sensorimotor rhythms (SMRs) [2]. Of these,
a SMR-based BCI provides high degrees of freedom and has the
potential to offer physical interaction as an alternative to bodily
motor pathways for disabled users [2]. In addition, SMRs can be
easily detectable in both healthy and disabled individuals. As EEG
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signal is not stationary and of low signal-to-noise ratio (SNR),
hence in its strictest sense, classifying different motor imagery
(MI) intention is a challenging task.

Of late, a number of initiatives have been taken to make ro-
bust MI-based BCls. [8-20]. Looking at the existing literature, many
works to classify MI tasks extract features from Common Spatial
Patterns (CSP) followed by a classifier [8-15]. As MI-based EEG sig-
nals exhibit spatio-temporal patterns, CSP is a highly successful al-
gorithm for capturing the appropriate MI features. Several variants
of CSP have been proposed to capture spectral patterns [12,14] and
to tackle multiclass problems [8,13,15,21]. However, in CSP-based
methods, it is quite difficult to figure out the approximate num-
ber of CSP filters, it is computationally expensive, sometimes over-
fits with the data and works better only for binary classification
problem [21].

The majority of the existing works on multiclass MI EEG
signal data classification are based on support vector machine
(SVM) [16,22], logistic regression (LR) [21], multivariate empirical
mode decomposition [17], adaptive stacked regularized linear dis-
criminant analysis (adaptive SRLDA) [18], linear prediction singu-
lar value decomposition (LP-SVD) based logistic model [19], prob-
abilistic models such as naive Bayes Parzen window classifier [12],
Bayesian network using Gaussian mixture model (GMM) [20,23],
etc. Most of these classifiers are primarily constructed for bi-
nary classification problems. For classifying multiple MI tasks,
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these classifiers break into a series of binary classifiers using one-
versus-one or one-versus-all strategy [16]. Nevertheless, it is time-
consuming to train several binary classifiers when the number of
MI tasks is large. Other than feature extraction-based methods, re-
cently, deep learning models have also been implemented to MI
EEG data. In [24], CSP followed by deep neural networks (DNN)
have been employed for classifying two-class MI data. In [25], con-
volutional neural networks (CNN) and long short term memory
(LSTM) networks have been combined to extract spatial and tem-
poral features of EEG data and classify using deep forest mod-
els. In [26], frequential deep belief network (FDBN) has been em-
ployed using frequency domain features from MI EEG data. It may
be noted that a deep learning model needs a large training data
set and fine-tuning the neural network parameters, in fact, a non-
trivial task.

Recently, sparse representation has aroused a significant resur-
gence of interest due to its tremendous performance in many
applications, such as face recognition [27], speech recognition [28],
image classification [29], signal denoising [30], medical image
analysis [31,32], computer vision [33,34], and cardiac motion esti-
mation [35]. In sparse representation, signals are represented as a
sparse linear combination of few columns taken from a dictionary.
Several predefined dictionaries, which use off-the-shelf bases have
been reported in the literature such as Fourier, wavelets, Dirac,
discrete cosine transform (DCT), etc. [36]. Nevertheless, the latest
researches on sparse representation and dictionaries have shown
that the dictionaries learned from data itself outperforms the pre-
defined ones [30,35]. Alternatively, a dictionary can be designed
or learned using a set of representative samples, for instance,
a training data. Generally, these dictionaries are preferred to be
over-complete, that is, the number of columns in the dictionary
is more than the dimension of a column. As of now, limited
researches have been done on dictionary learning and sparse
representation based classification (SRC) to classify MI-based EEG
signals [11,37-42].

A work on SRC for MI-based BCI has been reported by Shin
et al. [37]. They applied CSP for signal pre-processing and con-
ventional SRC for classification. However, the computational
complexity of SRC needs to be minimized. Aiming to reduce the
computational complexity, a simple adaptive SRC scheme has been
developed by Shin et al. [11]. The results showed a compara-
tively better classification performance on two-class MI signals.
Later, Zhang et al. [10] found a sparse method to automatically
select significant filter bands to improve classification. Sreeja
et al. [40] classified two-class MI-based EEG signals making use of
band-pass filter and CSP, extracted wavelet energy as the feature
to construct the dictionary and the conventional SRC for classi-
fication. They achieved a classification accuracy, which is better
than the conventional SVM and LR methods. Jiao et al. [41] ap-
plied sparse group representation model (SGRM) for MI EEG data
classification. However, the computational time still need to be
reduced for real-time BCI applications. In fact, the performances of
the existing SRC methods for MI-based BCIs [10,11,37,40,41,43] are
solely governed by either band-pass or CSP filtering.

In this work, a new sparsity-based framework for multiclass MI
EEG signals has been introduced to classify different MI tasks ac-
curately in a lesser time. The proposed sparsity-based framework
works without using any pre-processing technique such as band-
pass and CSP filtering. The imaging period (it is the stimulation
time of MI signals, which varies from one user to another) is a
hindering factor in MI data classification, and it may be a reason
that the machine learning based classification algorithms perform
inefficiently. This work aims to make a better approach with a re-
duced length of an imaging period and without compromising the
accuracy. Another objective is to develop an approach which would
work better for all BCI users, independent of their efficiency in BCI

training. In summary, the proposed sparsity-based MI data classifi-
cation holds the following merits.

1. It works well without the use of band-pass and CSP spatial fil-
ters.

2. It performs well on any user irrespective of their proficiency in
BCI training.

3. It works well with the channels which are present over the mo-
tor cortex region only.

4. It works fine with a reduced length of an imaging period, which
is, in fact, a necessity for real-time BCI applications.

5. It performs well with the dictionary constructed using wavelet
energy and this essentially speed up the system.

6. It is comparatively with a lower computational cost than the
machine learning based classifiers.

The rest of the paper is organised as follows. In Section II, the
proposed methodology is discussed in detail. The experimental re-
sults are reported in Section III. In Section IV, a discussion of the
performance of the proposed approach is given. Finally, the paper
concludes in Section V.

2. Proposed methodology

This section describes the MI data used for this research and
then the steps followed in the proposed methodologies, namely
data segmentation, feature extraction, designing a dictionary and
sparsity-based classification approach.

2.1. Dataset description

The dataset Illa from BCI competition III' has been used in this
work. It is a dataset of four classes (motor imagery movements
of left-hand, right-hand, foot and tongue) from three subjects
(K3, K6, and L1) who had a different amount of proficiency in
BCI training. Subject K3 was the most experienced, whereas L1
had a little experience and K6 was a beginner in BCI training.
The recording was made with a 64-channel EEG amplifier from
the Neuroscan, using the left mastoid for reference and the right
mastoid as ground. The experiment was designed to instruct the
subjects to perform imagery movements provoked by a visual
cue. Each trial began with a blank black screen and at t = 2 s, a
short beep tone was presented and a cross ‘+' displayed on the
screen to raise the subject’s attention (also see Fig. 1(b)). Then at
t = 3 s, an arrow appearing for 1.25 s pointed either to the left,
right, upward or downward. The subjects were asked to perform
an imagery, say, left-hand, right-hand, foot or tongue movements
according to the cues appeared. The respective MI should be
executed until the cross disappears at t = 7 s. The number of
runs for the subject K3 was nine whereas for K6 and L1 was six.
Each of the four MI tasks was trained 10 times in each run. The
EEG was sampled with 250 Hz and it was filtered between 1 and
50 Hz with notch-filter on. A notch filter was enabled to suppress
line noise [16]. The BCI competition IIl dataset Illa consists of both
labeled and unlabeled data, where the class-labels are denoted as
{1, 2, 3, 4} for the labeled trial set of left-hand, right-hand, foot
and tongue MI tasks, respectively, and NaN for the unlabeled set.
The data from the 60 channels had been recorded and stored in
GDF format. The characterization of the dataset is given in Table 1.
The detailed description of the dataset can be found in [16].

2.2. Methodology

The framework of the proposed approach is shown in Fig. 2.
The raw EEG data is segmented and then a feature vector is

1 http://www.bbci.de/competition/iii
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Fig. 2. Flowchart of the proposed approach.
Table1 lets, etc. The energy of the approximate (Xya € R"Ner) and de-
Characterization of the dataset. tail (Xyp € RV*Ner) coefficients are calculated separately and ap-
Subjects  No. of runs  No. of trials  No. of labeled trials pended into a single vector, that is, Xw = Xya ~ Xwp, Where ~
K3 9 9x10 x 4 180 denotes appending operation, Xy € R'™™ and m =2 x N,. The
K6 6 6x10x 4 120 transpose of the feature vector (xw)' € R™¥1 of each epoch forms
L1 6 6x10x4 120

computed. It may be noted that the feature vector for a trial is
typically a size of number of segments x number of channels. Af-
ter segmentation, the given dataset is randomly split into train-
ing and testing data using k-fold cross-validation. The dictionary is
built using the extracted feature vectors from all trials meant for
training data. Finally, for the given test data, a sparse coefficient
vector is estimated and sparsity-based classification is carried out.
A detail explanation of each of the above-mentioned processes is
given in the following.

2.2.1. Feature extraction

A raw MiI-based EEG signal is divided into smaller segments.
The segmentation is done where four second continuous imaging
time (T =3 s to T = 7 s) of each trial is divided into eight seg-
ments with half a second data in each segment. Because the imag-
ing period of one MI could not last more than half a second [20].
Each segmentation is called as an epoch and the size of an epoch
is RNet*Nen - where N;; = 125, number of samples in half a second
and Ny = 60, number of channels.

Sreeja et al. [40] found that wavelet energy produces a good
differentiation between the MI classes and yields a better accu-
racy than with other features. With this revelation, in this work,
the wavelet energy has been extracted as the feature from each
epoch X e RNixNew of each class Cj, i={1,2,3,4}. The wavelet
energy Xw is calculated using coifl wavelet with a level-1 de-
composition [44]. As the main objective of this work is to re-
duce the overall computation time, the number of wavelet de-
composition level is chosen as one. It has been observed in our
experiments that the performance of coifl wavelet function is
comparable to other wavelet functions, such as Daubechies, Sym-

the training sample.

2.2.2. Dictionary construction

The next goal is to construct a dictionary, say, D, which is ca-
pable of retaining all possible information about the input signal.
The feature vectors extracted from each epoch of a class, say, C; are
stacked together to create a sub-dictionary matrix, say, D;, and it
is defined as

D; = [d;1.d;;. d;3. .. (1)

where d;j € R™1, m is the dimension of the single feature vector
and j=1,2,...,n; and n; is the total number of training samples
extracted for the class C;, where i = {1, 2, 3, 4}. Concatenating the
dictionary matrix of all the classes yields an over-complete (n > m)
dictionary D, that is, D := [Dq, Dy, D3, D4] € R™" where n =} n;.
The dictionary can be built pondering the feature vectors of all the
subjects into a single dictionary. Indeed, it increases the dimension
of the dictionary and time-consuming. Since the objective of this
work is to reduce the time taken and to make the approach work
better for all the users, a distinct dictionary for each subject has
been constructed. A schematic representation of the dictionary D
for a subject is shown in Fig. 3.

L dip] € RN

2.2.3. Sparse representation

For a given test signal, its feature vector is computed using
the similar procedure used to create the atoms (i.e., columns) in
D. Thus, the test data and the atoms in the dictionary are of the
same dimension. According to the CS (compressive sensing) the-
ory [45], the signals of interest can be sparsely represented using
some convenient basis. Given an over-complete dictionary matrix
D € R™" and the test data y; € R™ of a class C;, the objective of
sparse representation is to calculate the sparse coefficient vector
aj € R", such that y; = De;. In other words, the test data y; can be
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Fig. 3. A typical look of a dictionary for a subject.

sparsely represented as a linear combination of atoms of the dic-
tionary {di,j}'}izl' More precisely, it can be defined as

Vi = Doy; (2)
which can be further represented as follows.
Vi=0i1di1 +ai2diz + - + &g dig, (3)

where o; =[0,...,0, 051, %3, ..., ®in,. 0, ..., 0]T is a sparse coeffi-
cient vector. The non-zero entries in ¢; is associated with the class
C;. The sparsest solution for y; = Do; can be obtained by minimiz-
ing lp-norm [46-48] and it is given as
ng(in||oti||0 subject to y; = Do; (4)
where ||.||g is lp-norm, which counts the non-zero entries in ;.
However, finding the sparsest solution for Eq. (4) is both numeri-
cally unstable and NP-hard [49], as it requires an extensive list of
all feasible combinations for the positions of nonzero elements in
«;. According to the CS theory [45], under the assumption that the
solution («;) is sparse enough, it is feasible to achieve a good ap-
proximate solution using ly-minimization problem [36].

Many algorithms are available in the literature to solve
Eq. (4) and they are broadly classified under two categories: con-
vex relaxation methods [50,51] and greedy approximation meth-
ods [46,47]. The convex relaxation methods relax ly-minimization
to l;-minimization problem (e.g., linear programming (LP), itera-
tive shrinkage and thresholding algorithm (ISTA) [50], least ab-
solute shrinkage and selection operator (LASSO) [51], etc.). The
greedy based techniques, on the other hand, does not solve the
lo-minimization problem but gives an approximate solution by
finding the best optimal solution (e.g., orthogonal matching pur-
suit (OMP) [47], matching pursuit (MP) [46], etc.). In this work,
OMP algorithm has been employed due to its simplicity and
efficiency [47].

The OMP algorithm [47] (also see Algorithm 1) is used to lo-
cate the sparse coefficients that approximately solves Eq. (4). This
OMP algorithm attempts to choose the atoms that maximally cor-
relate with the residual r. Then it augments the index of the cho-
sen atom p; to the active set P; at each iteration, until the stopping
condition is achieved. The natural way to stop the OMP algorithm
is when the sparsity threshold is reached, but the threshold value
has to be determined empirically and rather its not a convenient
way of control. Therefore, the proposition is to use the residual r to
control the moment when the algorithm is to be stopped. Hence,
the stopping criteria is usually ||r||; < | €||> [52], where € is equiva-
lent to the variance of the data y;. In the next step in Algorithm 1,
d;r,[ indicates Moore-Penrose pseudo-inverse of dp,, that is, d};[ :

(d,T,tdpt)‘1d1T,t, which employs orthogonalization at each iteration.

Algorithm 1: OMP algorithm.

Task: Approximate the optimization problem
moz'n||oz||0 subject to y = Do
Input: Test data y, Dictionary D
Output: o
1: Initialize the residual ry =y, index set Py = ¢ and the
iteration counter t = 1
2: Find the best matching atom,
pe =argmaxy_; 5 . |(t_1, ;)| ~i € {1,2,3,4)
3: Update the index set, P = P,_1 U {p:}
4: Compute the sparse coefficient o; = d;r,ty
5: Update the residual r; =y — Do
6: If the stopping condition is achieved (||r¢||, < ||€]|,), stop
the algorithm and return o = «;. Else, set t =t + 1 and
return to Step 2.

2.2.4. Sparsity-based classification

Ideally, the sparse coefficients obtained will have entries cor-
responding to the atoms of the dictionary of that particular class.
For example, if a test set from the foot MI class (C3) is taken, the
region where the non-zero entries lie in the sparse vector corre-
spond to the atoms of the sub-dictionary Ds. A typical snapshot of
the sparse representation model is shown in Fig. 4.

Since EEG signals are not stationary and of low SNR, the
non-zero entries in the sparse vector may lie on another sub-
dictionaries corresponding to other MI classes. Hence, specifying
simple classification rules (like computing energy, number of non-
zero entries, variance, minimum deviation, etc.) on the sparse co-
efficient vector helps to assign the test data y; to the class-label
C;. In this study, the following four classification rules have been
proposed.

Ri(yi) = argmax [|el, (5)
R, (y;) = argmax max(non-zero(c;)) (6)
R3(y;) = argmax max(variance(c;)) (7)
r(vi) = [|¥i — Dail,

Ra(y;) = argmin r(y;) )

where ||.||; is l-norm, which computes the energy of the sparse
coefficients in Eq. 5, Ry(y) computes the maximum number of non-
zero entries in the sparse coefficient vector and R3(y) calculates the
maximum of the variance in the sparse vector. The classification
rule R4(y) measures the residual (deviation) between the test data
with the training atoms and the estimated sparse vector, such that,
R4(y) = argmin; ||y; — Do ||,. Apparently, smaller residual reveals a
larger contribution to represent the test data.
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Fig. 5. A typical BCI system using sparsity approach.

2.3. System for MI data classification

A typical BCI system using sparsity approach is shown in Fig. 5.
The EEG signals due to a brain activity are collected from the var-
ious channels and passed through the band-pass filter (single or
multiple sub-bands) followed by the CSP spatial filter. Then feature
extraction is done where features form the atoms of the dictionary.
Once the dictionary is ready, sparsity-based classification is carried
out to classify the different MI tasks.

3. Experiments and experimental results

In this section, the various experiments which have been car-
ried out and the results obtained using the proposed method are
presented. The following are the objectives of the experiments.

 To show the impact of filters in the sparsity-based classification
technique.

« To show that the channels present over the motor areas are
enough to be considered for sparsity approach.

« To find the best MI time duration for real-time BCI applications.

- To prove that wavelet energy is the best feature for constructing
a dictionary.

« To prove that the proposed sparsity approach is better than the
existing classifiers on classifying multi-class MI signals.

All the experiments have been executed on a machine with
3.2GHz CPU, 4 GB RAM, and software (Python 2.7)2. The results

2 https://github.com/BCI-HCI-IITKGP/MI-classification-using-sparsity

have been recorded and evaluated using various evaluation mea-
sures such as k-fold cross-validation accuracy (k = 10), confusion
matrix, precision-recall plot and ROC plot. The results observed
vis-a-vis the objectives of the experiments are presented in the
following.

3.1. Experiment with band-pass and CSP filter

In order to show the impact of filters on the proposed sparsity
method, the different cases in the experiment, which have been
considered are as follows.

Case 1: With various sub-bands and CSP filtering.

Case 2: With various sub-bands and without CSP filtering.

Case 3: Without band-pass and CSP filtering.

Case 1

An experiment using a band-pass filter with different frequency
sub-bands followed by a CSP filter had been done. The experiment
with commonly used sub-bands such as one [8-30Hz], two [8-13
and 13-30Hz], three [8-12, 12-16 and 16-30Hz], six [8-12, 12-16,
16-20, 20-24, 24-28 and 28-32Hz| and nine [4-8, 8-12,..., and
36-40Hz] using Chebyshev filter Type II with order 6 [12] was
carried out. 10 CSP filters had been chosen empirically (a detail
explanation of CSP filtering can be found in [40]). Then wavelet
feature was calculated from the spatially filtered signal and the
dictionary is constructed. It is noteworthy that increase in sub-
bands increases the dimension of an atom in the dictionary. The
10-fold cross-validation accuracy obtained using various sub-bands
and CSP for the three subjects and for four different classification
rules are listed in Table 2.
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Performance of the sparsity approach with various sub-bands and CSP.
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No. of band-pass and selected Subjects k-fold cross-validation accuracy (Mean =+ std)
bands
Ri(y) Ry(y) R3(y) R4(y) Training time (s) Testing time (s)
1 [8-30] Hz K3 94.86 + 0.30 94.78 + 0.33 94.86 + 0.30 94.67 + 0.36 122.84 0.559
K6 90.37 + 0.32 90.70 + 0.25 90.37 + 0.32 90.88 + 0.24 120.48 0.556
L1 90.44 + 0.44 90.47 + 0.43 90.44 + 0.44 90.48 + 0.32 120.48 0.557
2 [8-13, 13-30] Hz K3 94.88 + 0.23 94.82 + 0.32 94.88 + 0.23 94.76 + 0.32 180.75 0.679
K6 90.43 + 0.46 90.76 + 0.28 90.43 + 0.46 90.76 + 0.20 180.49 0.676
L1 90.32 + 0.20 90.28 + 0.18 90.32 + 0.20 90.78 + 0.24 180.45 0.678
3 [8-12, 12-16, 16-30] Hz K3 94.11 + 0.28 94.18 + 0.25 94.11 + 0.28 94.32 + 0.22 235.36 0.728
K6 89.65 + 0.65 89.50 + 0.71 89.65 + 0.65 89.63 + 0.72 235.21 0.726
L1 90.95 + 0.82 90.56 + 0.96 90.95 + 0.82 90.52 + 1.03 235.35 0.726
6 [8-12, 12-16, ..., 28-32] Hz K3 94.82 + 0.33 94.45 + 045 94.82 + 0.33 94.90 + 0.32 342.46 0.812
K6 90.88 + 0.40 91.02 + 0.30 90.88 + 0.40 90.75 + 0.30 341.41 0.810
L1 90.25 + 0.32 89.22 + 0.28 90.25 + 0.32 89.04 + 0.20 341.40 0.813
9 [4-8, 8-12, ..., 36-40] Hz K3 94.88 + 0.12 94.85 + 0.16 94.88 + 0.12 94.88 + 0.20 958.62 0.924
K6 90.20 + 0.23 90.24 + 0.18 90.20 + 0.23 90.30 + 0.15 958.55 0.921
L1 90.56 + 0.34 90.68 + 0.28 90.56 + 0.34 90.52 + 0.31 958.51 0.921
Table 3
Performance of the sparsity approach with various sub-bands and without CSP.
No. of band-pass and selected Subjects k-fold cross-validation accuracy (Mean =+ std)
bands
Ri(y) Ry(y) R3(y) R4(y) Training time (s) Testing time (s)
1 [8-30] Hz K3 94.04 + 0.28 94.42 + 0.30 94.04 + 0.28 94.50 + 0.28 90.75 0.511
K6 90.80 + 0.25 90.80 + 0.25 90.80 + 0.25 90.84 + 0.24 90.70 0.511
L1 90.56 + 0.32 90.50 + 0.30 90.56 + 0.32 90.45 + 0.33 90.45 0.512
2 [8-13, 13-30] Hz K3 93.92 + 0.26 93.69 + 0.28 93.92 + 0.26 93.85 + 0.30 147.79 0.534
K6 90.05 + 0.16 90.26 + 0.21 90.05 + 0.16 90.26 + 0.18 147.54 0.533
L1 90.32 + 0.26 90.00 + 0.28 90.32 + 0.26 90.24 + 0.20 147.50 0.534
3 [8-12, 12-16, 16-30] Hz K3 9442 + 0.32 93.65 + 0.30 9442 + 0.32 9434 + 0.34 183.50 0.689
K6 89.38 + 0.42 89.45 + 0.30 89.38 + 0.42 89.55 + 0.32 183.26 0.686
L1 89.98 + 0.56 89.60 + 0.48 89.98 + 0.56 90.14 + 0.56 183.28 0.686
6 [8-12, 12-16, ..., 28-32] Hz K3 93.34 + 045 93.65 + 0.42 93.34 + 045 93.90 + 0.38 238.74 0.789
K6 90.08 + 0.35 89.82 + 0.27 90.08 + 0.35 89.85 + 0.42 237.88 0.782
L1 90.02 + 0.18 89.86 + 0.28 90.02 + 0.18 89.88 + 0.19 237.80 0.784
9 [4-8, 8-12, ..., 36-40] Hz K3 9498 + 0.86 95.85 + 1.03 9498 + 0.86 94.88 + 0.90 355.76 0.886
K6 89.65 + 0.78 89.54 + 0.74 89.65 + 0.78 90.04 + 0.80 355.02 0.880
L1 90.83 + 0.66 90.04 + 0.72 90.83 + 0.66 90.74 + 0.91 354.98 0.878
Table 4
Performance of the sparsity approach without band-pass and CSP.
Subjects k—fold cross-validation accuracy (Mean + std)
Ri(y) Ry(y) R3(y) R4(y) Training time (s)  Testing time (s)
K3 9323 £ 028 91.85 +£ 032 9334 +£ 026 94.12 + 0.21 76.46 0.466
K6 89.42 + 0.29 89.05 + 0.23 89.00 + 0.29 90.64 + 0.22 75.98 0.462
L1 89.84 + 0.18 89.90 + 0.16 89.92 + 0.18 89.98 + 0.18 75.34 0.463
The average execution time for training and testing taken by » The accuracy of a classifier with a single band-pass filter is
this experiment was noted down and it is given in Table 2. The more or less equivalent to that of multiple bands.
training time includes the execution time required for band-pass
Case 2

filtering, CSP filtering, feature extraction and construction of the
dictionary for the entire training data. The testing time includes
band-pass filtering, CSP filtering, feature extraction, finding sparse
vector and classification of a single test data. Using sparsity ap-
proach the approximate average accuracy obtained for the subjects
K3, K6 and L1 are 94%, 90%, and 90%, respectively. The reason for
the subject K3 with higher accuracy may be due to additional 3
runs of BCI training data. Paired t-test has been carried out on
the results which signifies that there is no significant difference
in the accuracy between single band-pass and multiple bands with
p = .45 (at significance level, a = 5%).

Observation
- With the increased number of band-pass filters, both the train-
ing and testing time increases.

In this case, the experiment was done only using band-pass
filtering. The wavelet feature was calculated from the band-pass
filtered signal, and the dictionary was constructed. The result ob-
served is shown in Table 3. The reported training time includes the
execution time of band-pass filtering, feature extraction, and dic-
tionary design. The testing time includes band-pass filtering, fea-
ture extraction, finding sparse vector and classification of a single
test data. The paired t-test on the result confirms that there is no
significant difference between the accuracy of Case 1 and Case 2,
with p = .33 at significance level, o« = 5%.

Observation
» The accuracy obtained for this experiment is more or less
equivalent to the accuracy obtained in Case 1.
» The execution time taken by this experiment is lesser than
Case 1.
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Fig. 6. Performance of the subject K3 with single band-pass and CSP.
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Fig. 7. Performance of the subject K3 with single band-pass and without CSP.
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Fig. 8. Performance of the subject K3 without band-pass and CSP.
Case 3 technique and with a less computation time. The results for Case 1,

In this case, the dictionary was constructed using wavelet fea-
tures computed directly from the segmented EEG signal without
passing through band-pass filter and CSP filter. The result observed
is shown in Table 4. The paired t-test on the result confirms that
there is no significant difference between the accuracy of Case 1
and Case 3, with p = .21 at significance level, o = 5%.

Observation

« The sparsity approach without using any filtering gives almost
similar result to that of with sparsity approach using band-pass
filter.

» The execution time required in this experiment is less when
compared to Case 1 and Case 2.

« Case 3 proves to be an efficient sparsity approach for real-time
BCI applications since it takes very less time for computation
without loosing the accuracy.

Discussion

The experiment with filtering shows that increase in the num-
ber of sub-bands increases the computation time of the sparsity
approach. Moreover, the results furnished in Table 4 prove that the
sparsity approach performs well without using any pre-processing

2 and 3 in terms of confusion matrix, precision-recall plot and ROC
plot using R4(y) are shown in Figs. 6, 7 and 8, respectively. In sum-
mary, the results confirm that the sparsity approach performs well
in all the cases.

3.2. Experiment with a selected set of channels

Research on human brain proves that during MI tasks only the
motor cortex gets activated [53,54|. The electrode positions C3
and C4 capture the neural activations of sensorimotor areas dur-
ing movement imagination [55]. Hence, in this experiment, eight
channels neighboring to C3 and C4 were considered. The selected
electrodes were 17-19, 27, C3, 29, 37-39, 23-25, 33, (4, 35, 43-45
(see Fig. 1 (a)). 10-fold cross-validation accuracy for the subjects
K3, K6 and L1 using 18 channels are listed in Table 5. The values
in Table 5 clearly show a slight increase in accuracy and lesser exe-
cution time than the values in Table 4. Similarly, for the subject L1,
the performance measures shown in Fig. 10 using 18 channels are
better than the measures shown in Fig. 9 using all the 60 channels.
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Table 5
Performance of the sparsity approach with selected channels.
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Subjects k-fold cross-validation accuracy (Mean =+ std)
Ri(y) Ry(y) R5(y) Ra(y) Training time (s)  Testing time (s)
K3 9444 + 0.24 9293 + 0.28 9444 + 0.24 94.70 + 0.18 65.24 0.421
K6 89.79 + 0.26 89.12 + 0.25 89.79 + 0.26 90.83 + 0.22 64.86 0.420
L1 90.04 + 0.16 90.20 + 0.16 90.04 + 0.16 90.24 + 0.18 65.00 0.420
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Fig. 9. Performance of the subject L1 using all the 60 channels.
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Fig. 10. Performance of the subject L1 with selected channels.

3.3. Experiment with different lengths of imaging period

In BCI competition III dataset Illa, the interval of one MI is at
least 3.5 s. Depending on subject’'s competency, one can perform
MI for several times during a trial. In the initial experiment,
the imaging period was considered as 0.5 s, since the imaging
period could not last more than half a second [20]. Decreasing the
length of the imaging period, without negotiating the performance
will be greatly beneficial for real-time BCI applications. Hence,
the experiment had been conducted with the different length of
imaging periods, such as 0.1, 0.2, 0.3, 0.4 and 0.5 s. Note that,
increase in the number of segments increases the dimension of
the dictionary. Hence, the training time increases. However, for
the experiment with the different length of the imaging period,
the amount of non-zero coefficients differs. The sparse coefficients
obtained for the subject K6 is shown in Fig. 11. The x-axis repre-
sents the dimension of the sparse vector and the y-axis represents
the coefficient value.

From Tables 2 to 5 it is interesting to note that the results pro-
duced by the classification rules R;(y) and R3(y) are same in all
the cases and most of the time R4(y) produces better accuracy.
Hence, from this experiment on-wards only the classification rule
R4(y) is considered. The results shown in Table 6 prove that when
the imaging period is 0.1s, the testing time taken may be less but
the accuracy of the sparsity approach is not good whereas when
the imaging period is above 0.1 s, it achieves relatively a better
performance. The reason is when the imaging time is very short,
there won’t be sufficient MI information for classification. Hence,

Table 6
Performance of the sparsity approach with different lengths of imaging period.

Imaging Subjects Training Testing
period (s) a3 K6 P time time
(s) (s)
0.1 7345 + 046 7092 + 053 71.90 + 057 148.04 0.314
0.2 9494 + 025 90.25 + 0.23 90.84 + 0.17 123.80 0.353
0.3 94.08 £ 0.16 90.46 + 0.19 90.12 £+ 0.26 92.30 0.406
0.4 9426 + 024 90.02 + 038 90.72 + 035 78.16 0.417
0.5 94.70 £ 0.18 90.83 £ 0.22 90.24 £+ 0.18 65.03 0.421

one can consider 0.2 s or 0.3 s as the length of the imaging period
for classifying different MI tasks, since it achieves better accuracy
in a lesser computational time. From Table 6, it is also observed
that subjects K3 and L1 achieve better performance with 0.2 s,
whereas the subject K6 achieves the same with 0.3 s. This may be
due to subject’s proficiency with BCI training. Fig. 12 substantiates
the performance of the subject L1 using 0.2 s as the length of an
imaging period.

3.4. Experiment with different features

Many features like time-domain, frequency-domain, wavelet-
domain have been considered to classify MI EEG data using
machine learning based classification algorithms. To substantiate
the efficacy of the use of a large features set, in this study, nearly
thirty different features [56] were extracted from the segmented
EEG signal (taking 0.2 s as the length of the imaging period). A
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Fig. 11. Sparse coefficients for the subject K6, with 0.2 s as imaging period. The red, blue, green, and pink color sparse coefficients belong to left-hand, right-hand, foot and
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Fig. 12. Performance of L1 with 0.2s as imaging period.

single over-complete dictionary could be constructed considering
all the features, but the dictionary size became too large, which
took a lot of time for computation. Hence, it was essential to find
out the best feature for sparsity-based classification. To do so, in-
dividual dictionaries were constructed using the extracted features
and sparsity-based classification techniques were then carried
out. Some of the features are listed in Table 7 which performed
well with the sparsity approach. From Table 7, it can be observed
that wavelet energy performs better than other features. It is also
observed that, when different features are merged together, the
sparsity approach performs well in terms of accuracy, but it is
computationally too expensive.

3.5. Comparison with other classifiers

In order to prove the efficiency of the proposed method, a
comparison between the proposed method with the four classi-

fiers, namely SVM, LDA, k-NN and with a deep learning model
(LSTM followed by multilayer perceptron (MLP)) is carried out.
Since the above-mentioned machine learning classifiers are pri-
marily designed for binary classification problem, to make it useful
for multi-class classification problem, the one-versus-one scheme
had been followed to break into a series of binary classifiers.
Therefore, in total @ binary classifiers were needed for C-class
problem. These classifiers are implemented using Scikit Learn® and
Tensorflow* in Python. The results obtained using different classi-
fiers, following different steps, with 0.2 s as the length of the imag-
ing period is shown in Table 8. The main objective of this com-
parison is to show that the machine learning methods applied to

3 http://scikit-learn.org
4 https://www.tensorflow.org
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Table 7
Performance of the sparsity approach with different features.
Features Subjects Training Testing
3 K6 P time time
(s) (s)
Wavelet energy 94.94 + 0.25 9046 + 0.19 90.12 £ 026  123.80 0.353
Wavelet entropy 9432 + 028 9032 + 0.18 90.01 + 0.22  124.02 0.353
Bandpower () 92.13 + 1.26 8848 + 1.16 89.76 + 0.84 123.00 0.354
Bandpower (1) 91.18 £ 0.84 8874 +£ 0.77 8983 + 0.95 12376 0.354
Kurtosis 88.11 + 1.18 8483 + 1.25 8554 + 1.33 12280 0.353
Wavelet energy + wavelet entropy 94.90 + 0.22 90.88 + 0.19 90.35 + 0.22 139.42 0.367
Wavelet energy + bandpower () 93.86 + 0.25 89.72 + 0.24  90.12 + 0.31 142.78  0.368
Wavelet energy + bandpower (1) 93.80 +£ 0.29 90.02 £ 0.26  90.00 + 0.25 142.79  0.368
Wavelet entropy + bandpower (8) 93.78 + 0.43 89.82 + 0.58 89.70 £ 0.54 142.82 0.368
Wavelet entropy + bandpower (1) 93.16 + 0.39 89.78 + 0.62 89.86 + 0.44 142.80 0.368
Bandpower (8) + bandpower (1) 90.32 + 0.73 87.42 + 0.86  88.32 + 0.65 139.80  0.366
Table 8
Comparison of the proposed sparsity approach with other classifiers.
Steps followed Subjects Metrics SVM (rbf) SVM (poly) LDA k-NN LSTM+MLP Sparsity approach
No band-pass and K3 Accuracy 67.42 + 2.92 61.83 + 245 58.39 + 2.60 60.44 + 2.56 86.74 + 1.18 94.94 + 0.25
No CSP Testing time 0.392 0.395 0.396 0.396 0.402 0.353
K6 Accuracy 59.88 + 2.20 57.32 + 3.01 55.76 + 2.72 58.62 + 2.74 67.80 + 1.36 90.46 + 0.19
Testing time 0.392 0.395 0.396 0.396 0.402 0.353
L1 Accuracy 64.32 + 1.53 60.60 + 2.83 44.76 + 2.98 45.65 + 2.93 7448 + 1.78 90.12 + 0.26
Testing time 0.392 0.395 0.396 0.396 0.402 0.353
Single band-pass K3 Accuracy 88.90 + 1.32 86.45 + 2.14 85.52 + 2.42 88.86 + 1.58 89.22 + 1.46 94.88 + 0.28
and CSP Testing time 0.492 0.504 0.498 0.496 0.504 0.456
K6 Accuracy 69.53 + 1.15 65.62 + 2.76 65.49 + 2.78 68.82 + 1.79 70.84 + 1.86 90.46 + 0.19
Testing time 0.492 0.504 0.498 0.496 0.504 0.448
L1 Accuracy 7645 + 1.47 7532 + 1.84 75.98 + 3.04 76.15 + 1.90 78.15 + 1.63 90.12 + 0.26
Testing time 0.492 0.504 0.498 0.496 0.504 0.452

MI EEG signal processing are computationally expensive than the
sparsity approach.

The parameters used for the above-mentioned classifiers are
discussed here. For SVM, the experiment was carried out with
choosing the kernel as sigmoid, poly, rbf and linear. With rbf and
poly (degree = 3) as kernel and penalty parameter C as 1, a better
accuracy was achieved. For LDA, the experiment with the parame-
ters shrinkage as auto (automatic shrinkage using the Ledoit-Wolf
lemma) and solver as Isqr (Least squares solution) was carried out.
For k-NN, the number of nearest neighbors were chosen as 5, 10,
20, 50 and 100. With 50 nearest neighbors and with weights as the
distance (Euclidean distance) better accuracy was achieved. Further,
several deep learning models had been considered and the best
model consists of a single layer of LSTM stacked with MLP of 3
hidden layers. The parameters were set as num_units in the range
800-900, learning rate in the range 0.00005-0.00007, batch size as
30-35 and epochs in the range 250-500. The window size is fixed
as 125 and tanh as activation function. The best accuracy achieved
is reported in Table 8.

Next, MI dataset was segmented with 0.2 s as length of the
imaging period and processed with band-pass and CSP filter. For
machine learning algorithms, thirty feature vectors (mentioned in
Section IV-D) were extracted from each epoch. The best k optimal
feature vectors were selected using sequential feed forward fea-
ture selection method (SFFS) [57]. These features were randomly
split into training and testing data using k-fold cross-validation.
The classifiers were trained with these training data and validated
using the testing data. In case of deep learning, the processed EEG
data was given as input to the model. The results obtained using
different classifiers, following different steps are given in Table 8.
The values listed in Table 8, show that the conventional classifiers
perform well only with the use of band-pass filter and a spatial
filter. Moreover, the time taken by the conventional classifiers are
significantly higher than that of the proposed approach. The clas-
sifiers were also trained and tested only with wavelet energy as

feature. However, the accuracies obtained by the conventional clas-
sifiers were not up to the mark. Only for the subject K3, the ac-
curacy was nearly 80%. For other subjects, the accuracy obtained
was approximately 60%. The following reasons may be attributed
why conventional classifiers are not able to yield better result than
sparsity-based approach.

1. The artifacts in EEG signal may be a deterring factor for the
machine learning based classifiers.

2. Choosing appropriately hyper parameters of the models using
machine learning and deep learning may be another concern.

3. Machine learning based classification techniques usually per-
form good with linearly separable and binary class data,
whereas EEG data is nonlinear in nature and of multi-class.

4. Another deciding factor for the better performance is the selec-
tion of appropriate feature set representing the EEG data.

3.6. Comparison with state-of-the-art techniques

The proposed sparsity approach has been compared against
the state of the art techniques. For multi-class MI classification,
a number of works have been reported in the literature using
machine learning algorithms, deep learning algorithms and spar-
sity based methods. In order to make the comparison worthy, the
kappa (k) coefficient values and accuracies had been calculated
and compared with the existing results. Table 9 summarizes the
results achieved by the proposed approach and the existing meth-
ods. It should be noted that, among the listed sparsity-based meth-
ods [38,39,42], only [38] has given the accuracy of multi-class
MI EEG classification. Other methods [39,42] computed accuracies
considering pair-wise combination of classes (left hand-right hand,
left hand-foot, etc.). It is worth highlighting that in all reported
studies, subject K3 achieved the highest accuracies while subject
K6 produces the worst results. From the results in Table 9, it can
be seen that the proposed method outperforms all other methods
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Table 9
Comparison with state-of-the-art techniques.

Methodology Kk coefficient values Classification Accuracy (%)
K3 K6 L1 Mean K3 K6 L1 Mean
Fisher ratios of channel-freqency-time bins, mu and beta band, Multiclass CSP, SVM [22] 0.82 0.76 0.80 0.79 - - - -
Surface laplacian, 8-30-Hz filter, CSP, SVM+KNN+LDA [22] 0.90 0.43 0.71 0.69 - - - -
Infomax ICA, Amplitude spectra (Welch), linear PCA, and SVM [22] 0.95 0.41 0.52 0.63 - - — -
Common Bayesian Network and SVM [20] 0.98 0.88 0.82 0.90 - - - -
Multicalss information theoretic feature extraction (ITFE), and LR [21] - - - - 94.20 69.00 78.60 80.60
LP-SVD, logistic model tree (using Q- and Hotelling’s T2 statistics) [19] - - - - 90.00 76.25 77.91 81.38
Spectral features, modified mixed alternating least square based non-negative matrix - - - - 90.38 60.02 63.25 71.22
factorization (MALS-NMF), SVM [38]
Band-pass filter, CSP, PSD and Variance, dictionary pair learning (DPL) [39] (Pair-wise - - - - 87.41 80.55 89.16 85.70
combination of classes)
Band-pass filter, CSP, Temporally constrained sparse group spatial patterns (TSGSP), - - - - 97.80 77.50 90.25 88.52
SVM [42] (Pair-wise combination of classes)
Band-pass filter, Multiclass CSP, Multiclass support matrix machine (MSMM) [15] 0.95 - 0.81 0.88 - - — -
Proposed sparsity approach (without bandpass and CSP) 0.96 0.90 0.91 0.92 94.94 90.46 90.12 91.84

significantly. Particularly, for the subject K6, who was the beginner
to BCI training, the proposed method achieves 90% accuracy, which
indeed signifies a great improvement.

4. Discussion

The traditional practice to classify EEG data is using machine
learning algorithms. Such algorithms are computationally expen-
sive and the accuracy is not up to the level of acceptance. More
significantly, the existing algorithms are feature-based and not able
to take into account the subject variability, which is an important
issue, in particular, in the context of MI EEG data. The proposed
sparsity-based approach is able to overcome the aforementioned
limitations. In the following, observed results according to the pro-
posed approach are justified.

4.1. Why the accuracy is better with sparsity-based approach?

In the sparsity-based approach, an over-complete dictionary has
been constructed using the feature extracted from the given MI
signal without any filtering step. Hence, such a dictionary helps
to retain the entire characteristics of the MI signal. Moreover, an
over-complete dictionary is constructed in the sense that it is com-
pletely incoherent. That is, the dictionary D:=[Dq, Dy, D3, D4] is
composed of four sub-dictionary matrices corresponding to four MI
classes and the atoms from different sub-dictionaries are uncorre-
lated (low coherence). Therefore, every test signal is mostly repre-
sented using signals within its own sub space. Hence, the signals
can be sparsely represented such that, it cannot be represented si-
multaneously in other classes. This greatly helps in improving the
performance of the classification.

4.2. Why is the proposed sparsity approach faster?

Generally, the algorithms available for MI classification follow a
series of procedures, such as signal pre-processing (artifact removal
and band-pass filtering), spatial filtering, feature extraction, feature
reduction and classification. But, in the sparsity-based approach, all
those tasks have been avoided, which significantly helps to im-
prove the computation time. The features are directly extracted
from the raw EEG signal, and an incoherent over-complete dictio-
nary is constructed. Once the dictionary is obtained, the sparse
coefficients are estimated and classification is carried out. Fur-
ther, the main objective of the sparse representation is to find the
sparse linear combination of few number of atoms for the given
test signal. In this work, the sparse representation is solved by I
minimization. The algorithm OMP, a greedy technique, which helps

to find an approximate I, solution by obtaining an optimal solu-
tion. It is known from the literature that OMP is an efficient, fast
algorithm and it is really good at finding the sparsest solution.
Moreover, the testing time includes only the time taken for cal-
culating a single feature, finding sparse vector and classification.
Hence, it performs faster compared to the machine learning algo-
rithms.

4.3. How the proposed sparsity approach overcomes subject
variability?

In the proposed approach, for each subject, a unique incoher-
ent over-complete dictionary has been constructed. The rationale
behind this approach is to address the issue that MI signals dif-
fer from one subject to another. The constructed dictionary holds
the complete MI characteristics of a particular subject. The only re-
quirement is that every user should be trained and the correspond-
ing dictionary should be built prior to the use of a BCI system.

4.4. Threats to validity

The experiments and results reported in this paper are sub-
jected to the following threats or assumption.

« All results mentioned are subject to the execution in the com-
puting environment used.

+ Results may be slightly different with different k-values in k-
fold cross-validation.

« A limited database, namely dataset-Illa from BCI Competition-III
has been used. This is the dataset with only three subjects.

» No artifact has been removed from the EEG signals. The result
may vary with EEG data with or without much noise due to a
number of artefacts.

+ Comparison of the proposed approach with the conventional
classifiers using machine learning algorithms are based on the
chosen parameters in our experiments, which may give another
results, if tested with their optimal values.

5. Conclusion

Classification of motor imagery EEG data is a non-trivial task
because of its high volume and dimension. The machine learning
algorithms are computationally expensive and not so accurate. Fur-
ther, as the machine learning algorithms are feature-based, they
are not able to take the issues of subject variability, which is a
pertinent issue in case of motor imagery data. The sparsity-based
classification technique has been investigated in this work as an
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alternative to machine learning algorithms for MI EEG signals. The
proposed approach indeed outperforms the machine learning al-
gorithms both in terms of computational cost as well as accuracy.
Significantly, the subject-variability issue has been addressed sat-
isfactorily. This observation is very important to develop any real-
time BCI systems in many application domains, which are gaining
popularity in recent times. Although the sparsity approach in this
work has been intended only for motor imagery data, it can also
be applied to other EEG datasets.
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