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Abstract
EEG signal can be a good alternative for disabled persons who cannot perform actions or perform them improperly. Brain 
computer interface (BCI) is an attractive technology which permits control and interaction with a computer or a machine 
using EEG signals. Brain task identification based on EEG signals is very difficult task and is still challenging researchers. 
In this paper, the motor imagery of left and right hand actions are identified using new features which are fed to a set of 
optimized SVM classifiers. Multi classifiers based classification showed having high faculty to improve the classification 
accuracy when using different kind or diversified features. Features selection was performed by genetic algorithm optimiza-
tion. In single optimized SVM classifier, a mean classification accuracy of 89.8% was reached. To further improve the rate of 
classification, three SVMs classifiers have been suggested and optimized in order to find suitable features for each classifier. 
The three SVMs classifiers were optimized and achieved a performance mean of 94.11%. The achieved performance is a 
significant improvement comparing to the existing methods which does not exceed 81% while using the same database. Here, 
combining multi classifiers with selecting suitable features by optimization can be a good alternative for BCI applications.

Keywords  Electroencephalography EEG signals · Motor imagery BCI (MI) · Features extraction · BCI system · SVM 
classifier · Optimization

Introduction

EEG signals reflect the neurons electrical activities within 
the brain and changes with respect to these brain activities 
and states. Depending on the brain states and activities, EEG 
signals behave differently in terms of spectral content. In 
fact, several rhythms (waves) of EEG signals are distinguish-
able and therefore can be used to distinguish brain activities 
[1]. These waves are referred to as delta (δ: 0–4 Hz), theta 
(θ: 4–8 Hz), alpha (α: 8–13 Hz), beta (β: 13–30 Hz), and 
gamma (γ: above 30 Hz) waves. Each band covers a range of 
certain tasks and mental states of the brain [2, 3]. In addition 
to this EEG characteristic, it is known that brain activities 
can be localized in specific regions of the brain referring to 
spatial information. Such information can be gained by the 

known international 10–20 system [4]. These two charac-
teristics of EEG signals are principally used to recognize 
brain activities. As an example, features from power spectral 
and common spatial pattern (CSP) features have been used 
to recognize brain activities as consequence of these EEG 
characteristics [5–7]. This recognition plays an important 
role in brain computer interface (BCI) systems in which a 
disable person can perform actions just by thinking [2, 8, 9].

In the last two decades, BCI technology has become 
more and more attractive by researchers due to its important 
applications in different domains especially in the medical 
domain [10, 11]. There are principally three types of BCI 
systems, which use different phenomena: the steady state 
visual evoked potential (SSVEP), motor imagery (MI) and 
P300 event-related potential [9, 12, 13]. Motor imagery, in 
which subjects use imagined movement, has been widely 
used as a major approach in BCI studies. MI-based BCI, 
which is the subject of this study, is particularly suitable for 
disabled people who do not have control over their limbs to 
give them a certain degree of freedom. Among the factors 
that restrict the spread use of BCIs are: the EEG signals 
acquisition problems, the low speed of information conveyed 
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by brain-computer technology and the inter-subject variabil-
ity [1, 10].

BCI is an artificial intelligence system which uses EEG 
signals as input and produces control signals or commands 
at its output for computer so disabled people can use PC 
without mouse or keyboard [8, 14]. In a BCI system there 
are five consecutive stages: signal acquisition, signal pre-
processing or enhancement, feature extraction, classification, 
and a control interface stage [2, 15].

The recognition of a person intention from his/her EEG 
signals is the core of the BCI system. This is really difficult 
task that challenges researchers who aim to see the day the 
BCI technology became more manageable and usable. In 
most existing BCI systems, the identification/recognition 
of information relies on classification algorithms that rely 
themselves on features extraction [15–17]. So far, different 
features have been proposed to evaluate different classifiers 
in order to identify different brain tasks [2, 7, 9, 14, 16, 18].

EEG signals are of non-linearity and non-stationarity 
nature. Due to this nature, finding discriminant features to 
interface commands device for MI-based BCI is still chal-
lenging researchers [9]. To this end, time–frequency repre-
sentation (TFR), short Fourier transforms (SFT) [19], power 
spectral density (PSD), band-power (BP) [5, 20–22], wavelet 
transform analysis (WT) [5, 18] and autoregressive (AR) 
[23] features, to not name all, have been used to identify 
brain activities in MI-based BCI systems. It has been found 
that relevant features for MI tasks should be extracted in 
specific frequency bands [21]. Some spatial and frequency 
domain features such as CSP, PSD and WT have been found 
to be informative in MI-classification [9, 24]. However, 
robust features are generally accompanied by the dimen-
sionality curse especially in small training data which is the 
case of the BCI studies [10]. Moreover, a large number of 
features slows down the classification process speed [20]. To 
tackle these problems, principal component analysis (PCA) 
as well as the independent component analysis (ICA) have 
been used to reduce features vector dimension [25–28]. 
Optimization approaches like genetic algorithms (GA) have 
also been used to select relevant features for a specific clas-
sification task [29, 30].

Using many kinds of features, a large number of classi-
fiers have been employed to identify brain tasks especially in 
noninvasive MI-based BCI system [18, 21, 24–26, 31–33]. 
In these works, multilayer perceptron (MLP), support vector 
machine (SVM) with different kernel functions, linear dis-
criminant analysis (LDA), k-nearest neighbor (KNN), naïve 
Bayes, hidden Markov model (HMM) and Fuzzy classifiers 
have extensively been used to identify different MI tasks. 
For the same features, the classifiers perform more a less 
the same way, i.e. they give almost the same classification 
accuracy [24]. It has been shown from these works that fea-
tures are very significant and play an important role in the 

classification. It has also been shown that combined classi-
fiers perform generally better than single classifier [34, 35].

As reported in many papers, in which researchers used the 
database “BCI competition IIIb” to identify the left and right 
hand actions, the classification accuracy (CA) did not exceed 
in the best case 81% [5, 20, 22, 24, 36]. Wavelet transforms 
is a very effective technique to extract features from an EEG 
signal for BCI applications [5, 20, 24, 37–44].

Bashashati et al. [24] used logistic regression (LR) class-
ier and wavelet features with ‘morl’ mother wavelet and 
reached 81.47%. Brodu et al. [5] has also used ‘morl’ wave-
let and reached classification accuracy (CA) of 80.95% by 
using linear discriminant analysis (LDA) classifier. Mother 
wavelets that are used for wavelet features in BCI applica-
tions were used in a coarse manner but according to existing 
works [5, 24, 37, 38], the ‘morl’ mother wavelet seems to 
have a good analysis for EEG signal.

Using the same database, this paper is an attempt to find 
new features so the binary classification accuracy for iden-
tifying left/right hand movement in MI-based noninvasive 
BCI system might be improved and exceed 81%. With this 
objective in mind, different kind of features based on PSD, 
CWT, fractal dimension and energy of EEG signals are 
extracted in specific frequency bands.

In this work, multi classifiers classification principle was 
used to recognize MI left and right hand. This principle of 
classification is based on many SVMs classifiers by which 
the class is indicated by the majority of classifiers by voting. 
To improve the classification performance, suitable features 
for different SVMs classifiers were selected by optimization 
using genetic algorithm (GA).

Methodology

EEG data set

The data set is provided by the Institute for Human- Com-
puter Interfaces, University of Technology Graz—BCI Lab. 
This data set (IIIb) contained 2-class EEG data from three 
subjects (O3, S4 X11). Each data set contains recordings 
from consecutive sessions during a BCI experiment [45, 46]. 
The experiment consists of three sessions for each subject. 
Each session consists of four to nine runs. The recordings 
were made with a bipolar EEG amplifier from g.tec. EEG 
signal was sampled with 125 Hz, it was filtered between 0.5 
and 30 Hz with Notch filter. In this experiment, subjects 
were asked to perform imagery actions for left or right hand 
when they heard a beep sound. To keep such action a feed-
back system with monitor display is used. For each try, there 
is a signal and corresponding labelled class i.e. left or right 
imagery hand action. This database will constitute training 
examples as well as test examples for the training classifiers.
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Features extraction

The extraction phase is the most critical operation in any clas-
sification problem. In fact, features should be discriminate to 
carry information about the different classes. After having 
examined the EEG signals and their PSD in the two classes, 
it has been noted that the power frequency distribution seeing 
by the PSD of each class are different. This is the reason for 
why the PSD is used in some proposed features.

The PSD of a signal x(t) is calculated by the expression:

where fft represents the fast Fourier transform and f is the 
frequency.

The difference between the corresponding PSD can be 
measured by the kurtosis which is given by the following 
equation:

where μ and σ represent the mean and the standard deriva-
tion of the random variable X respectively. E represents the 
expected value operator.

Due to the non stationary of EEG signals, it is important 
to look for features that handle the aspect of time–frequency 
domain. Consequently, the use of the wavelet transform 
becomes a logical option. The continuous wavelet transform 
(CWT) of a signal x(t) is given by:

(1)Px(f ) = |fft(x)|2

(2)Kurtosis(x) = E

[(
X − �

�

)4
]

(3)Cx(a, b) =
1

a∫
∞

−∞

x(t)Ψ
(
t − b

a

)
dt

where a is a positive scale parameter and b is a parameter for 
the position of the mother wavelet Ψ in time. To increase the 
possibility of finding discriminant features, signals s3 and 
s4 from both channels C3 and C4 respectively are filtered 
with Butterworth filter (order 1) in two frequency bands B1 
([23–30] Hz) and B2 ([9.5–19] Hz). Thereby, for each try 
we get four different signals named s31, s32, s41 and s42. 
The signal s31 is the filtered signal of the channel C3 within 
the first band. Signals are centred to have zero mean and are 
of 1 s duration beginning at different time positions. Fig-
ure 1 shows a tailed flowchart of the signals processing and 
extracted features.

The proposed features are defined by the following 
expressions:

where var represents the variance, Ei31 represents the ith 
energy corresponding to the ith scale (a) in the decomposed 
signal s31 via wavelet and is calculated as below:

(4)f1 = kurtosis(Ps31
2)∕var(Ps41

2)

(5)f2 = kurtosis(Ps32
2)∕median(Ps42

2)

(6)f3 = var(Ps31)∕var(Ps31 + Ps41)

(7)f4 = var(Ps32 − Ps42)∕var(Ps32 + Ps42)

(8)f5 = E3∕E4

(9)f6 = FDcvs3∕FDcvs4

(10)fi = E(i−6)31 − E(i−6)41 i = 7… 11

(11)fk = E(k−10)32∕E(k−11)42 k = 12… 16
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Fig. 1   Flowchart of the signal processing leading to features extraction
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FDcs3 represents the fractal dimension of the cumulative 
sum of the signal s3 computed by the Higuchi method [47]. 
It was found that the Higuchi’s method for FD computa-
tion in EEG signals is robust and gives accurate estimation 
results [48].

The cumulative sum of a signal x is given by:

SVM classifier

SVM is a supervised learning algorithm for solving binary 
classification problems which was proposed by Vapnik [49]. 
To solve an SVM classification problem, an optimal hyper-
plane should be found to maximize the margin between two 
classes. Maximizing the margin leads to increase the gen-
eralization capabilities and the classification accuracy [50]. 
If two classes are not linearly separable, kernel functions 
are used to transform features vector to high dimension so 
the problem will be linearly separable. In case of using the 
radial base function (RBF), the parameter σ was adjusted to 
find the best fitting in term of classification performance.

Multi classifiers based classification principle

There are different ways to combine classifiers to perform 
classification: Bagging, Boosting, Voting and Stacking [16, 
17, 51]. In case of voting method, the class of a given object, 
represented by its features, is given by the majority of sev-
eral classifiers.

Figure 2 illustrates this principle of voting. It represents 
three classifiers CFi (i = 1, 2, 3) that had performed a 2D 
classification of imagined binary problem with seven objects 
each class (C1: circle, C2: square). Note that some objects 
are classified differently while using different classifiers with 
different features Fi.

(12)Ei31 =
∑

(b)

Cs31
2(i, ∶)

(13)cum_sum(x) = cvx(n) =

n∑

k=0

x(k)

The idea behind this method i.e. combining different clas-
sifiers with different features is to represent an object by dif-
ferent features; so it can be seen more correctly by all clas-
sifiers. Therefore, each kind of features can uncover another 
face of the object. For example, objects 1 and 4 (dashed 
circles) from the class C1 are misrecognized by the classifier 
CF1 while using their features vector F1, whereas; they are 
correctly classified by the others classifiers CF2 and CF3 
when using features F2 and F3 respectively. The same thing 
can be said about objects 1 and 2 (dashed squares) from the 
class C2. The seventh object of both classes is misclassified 
by all classifiers. In this work, each classifier among three 
classifiers was trained by all training data i.e. not like in case 
of multi-classifiers Bagging technique where each classifier 
should be trained on a random subset from the whole train-
ing data [52].

Results

Classification accuracies in all results are performed by ten-
fold cross validation evaluation.

At the beginning, the proposed features were grouped 
in seven groups to feed seven separate SVMs classifiers. 
For these classifiers, RBF kernel function was used with 
the best sigma. The sigma parameter has been varied from 
1 to 10 step 0.125 to get best performance. To see the effect 
of the features stationarity on the classification accuracy 
(CA), features were calculated at different time positions 
using the ‘morl’ mother wavelet (Table 1). Table 1 includes 
performed SVM classification with respect to time positions 
for the three subjects. Bold numbers indicate the maximum 
CA with respect to time positions. For sake of clarification, 
results of Table 1 are depicted in Fig. 3. According to these 
results, it is clear that all subjects performed their actions 
around 3.75 s (gray zone in Table 1) at which the CAs are 
maximum. It is also clear that all features group (16 features) 
performed better that other subgroups of features with best 
performance of 77.28%. 

Fig. 2   Multi classifiers based 
classification principle
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Practically, subjects cannot perform actions at the same 
time (synchronization problem). To explore time position in 
thorough manner, classification was performed with respect 
to time position in the interval [3.5–4] s with a step of 0.05 s. 
The effect of mother wavelet was also investigated in this 
case. Table 2 summarizes SVM CA using all features (the 
group that gives best CA in previous results) in all subjects 
with respect to time positions and indicated mother wavelets.

Bold numbers indicate the best CA with respect to time 
position and those underlined indicate the best CA with 
respect to mother wavelet. As shown by Table 2, the best 
CA, either for time position or mother wavelet, is localized 
in the interval [3.75–3.85] s (gray zone). These results local-
ized more the subjects’ actions and indicated that probable 
best mother wavelets are ‘morl’, ‘sym6’, ‘db8’, and ‘sym10’ 
in which the ‘morl’ is the best one with CA of 77.28%.

Table 1   Best SVM 
classification accuracy (CA) 
in percent (%) using different 
features groups, calculated 
for 1 s duration, with respect 
to time positions for all three 
subjects using tenfold cross 
validation (2.5 s corresponds 
to the interval [2.5–3.5] s of 
signal where the features are 
calculated; best SVM classifier 
was selected by varying sigma 
as 1:0.125:10 for each k in the 
tenfold cross validation)

Features 

(Number) 
2.5s 2.75s 3s 3.25s 3.5s 3.75s 4s 4.25s 4.5s 4.75s 5s 

f1-f6

(6) 
58.8 63.47 65.93 68.81 71.94 71.77 72.88 66.01 62.45 58.38 57.62 

f7-f11

(5) 
61.77 62.45 66.27 71.61 72.37 73.13 72.79 70.16 68.13 65.42 66.10 

F12-f16

(5) 
58.72 62.11 64.06 69.4 69.66 70.59 70.16 66.86 64.32 62.96 63.05 

f1-f11

(11) 
59.83 64.57 67.71 70.93 74.15 76.01 74.15 71.61 68.64 67.28 67.62 

F7-f16

(10) 
59.49 61.86 65.25 71.77 73.13 73.47 72.62 71.35 68.55 67.03 67.03 

f1-f6U f12-f16

(11) 
59.74 65.25 67.79 70.16 73.13 75.67 73.22 68.13 66.27 65.08 64.23 

f1-f16  (16) 60.84 64.06 67.88 70.67 73.81 77.28 74.32 71.77 68.55 67.54 69.4 

Fig. 3   Classification accuracy for three subjects using indicated fea-
tures and SVM classifier in tenfold cross validation. Best sigma was 
selected in the interval [1–10] step 0.125

Table 2   Best SVM classification accuracy (CA) in percent (%) using all features (16) with respect to time positions and different mother wave-
lets for 1 s processing duration and tenfold cross validation for three subjects (Best SVM classifier was selected by varying sigma as: 1:0.125:10)

3.5s 3.55s 3.6s 3.65s 3.7s 3.75s 3.8s 3.85s 3.9s 3.95s 4s 
morl 73.81 72.45 73.55 73.98 75.67 77.28 76.18 75.59 75.5 74.74 74.32
mexh 74.40 72.88 72.71 73.89 75.76 74.83 75.59 76.10 74.83 74.49 75.25
coif4 74.06 73.13 75.59 73.98 75.42 76.44 76.44 76.35 75.76 74.15 74.32
coif5 74.49 73.3 75.16 74.4 75.33 76.35 76.27 76.35 75.84 74.4 74.15
db6 73.81 73.55 74.32 73.55 75.25 75.67 76.27 76.52 76.52 75 75.42
db8 73.89 72.96 75 73.98 75.33 76.01 76.44 76.61 75.5 74.83 74.83

db10 73.22 73.05 74.66 74.23 75.5 75.5 76.27 76.44 76.1 75.33 75.84
sym6 73.89 73.38 75 74.15 75.5 76.69 76.94 76.35 76.1 74.57 74.66
sym8 73.81 73.38 75.42 74.15 75.5 76.44 76.61 76.52 75.59 74.23 74.49

sym10 74.23 73.64 75.25 74.4 75.25 76.27 76.44 76.61 75.76 74.49 74.49
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Previous results were evaluated for all subjects together; 
remaining results will be subject- dependent i.e. perform-
ing classification for each subject separately.

Table 3 shows the best SVM CA using all features at 
indicated time positions and mother wavelets.

These results indicate that best CA for subject S1 is 
81% (at 3.85 s using ‘sym6’ mother wavelet), for subject 
S2 is 81.08% (at 3.85 s using the ‘morl’ mother wavelet) 
and for subject S3 is 80.96% (at 3.75 s using the ‘morl’ 
mother wavelet).

To improve the CA, a single SVM and multiple SVMs 
classifiers (three SVMs) were optimized for each subject. 
The optimization was performed by genetic algorithm 
(GA) in order to select suitable features for each classifier 
(either single or multiple classifiers) so the misclassifica-
tion error would be minimal. This is done for all tenfolds 
while using tenfold cross validation evaluation. Table 4 
represents CA for optimized single SVM and optimized 
three SVMs for each subject. In these optimizations, the 
time positions and mother wavelets for each subject are 
those that give the best performance in the previous results 
(Table 3). Features were calculated using the mother wave-
let ‘morl’ for all subjects.

Although the best results for subject S1 was found by 
using ‘sym6’ mother wavelet (Table 3), but optimization 
results in this case (subject S1 with ‘sym6’) showed that 
using ‘morl’ wavelet is the best. Here are optimization 
results for subject S1:

1SVM (‘sym6’ at 3.85 s): [95 90 95 85 80 100 85 90 85 
100] with a mean of 90.5%.

3SVMs (‘sym6’ at 3.85 s): [100 100 95 90 85 100 90 100 
95 100] with a mean of 95.5%.

For this reason, all optimization results in Table 4 were 
performed by ‘morl’ mother wavelet.

Figures 4, 5 and 6 show examples of GA optimizations 
(italic values in Table 4) to select suitable features for single 
SVM and three SVMs for subjects S1 (k = 2), S2 (k = 4) and 
S3 (k = 10) respectively.

Figure 4a shows the GA optimization for selecting suit-
able features for the single SVM classifier in case of k = 2. 
The CA reaches 85% (100–15%) with the selected features 
f2, f5, f8.

We have to mention that multi classifiers should have at 
least one linear SVM classifier to get a best CA. Figure 4b 
shows an example of three SVMs optimization for subject 
S1 in case of k = 2. The GA should find the best combination 

Table 3   Best SVM 
classification accuracy (CA) in 
percent using all features (16) 
for subject S1 (O3), S2 (S4) 
and S3(X11) with respect to 
indicated time positions and 
mother wavelets in tenfold cross 
validation evaluation

Best SVM classifier was selected by varying sigma as: 1:0.125:10)
Bold values indicate the maximum CA with respect to indicated variables (mother wavelet, time position 
and subject)

Time position 3.75 s 3.8 s 3.85 s

Subjects S1 S2 S3 Mean S1 S2 S3 Mean S1 S2 S3 Mean

morl 73.5 77.39 80.96 77.28 78.5 78.47 79.42 78.79 79 81.08 78.26 79.44
sym6 75.5 76.52 80.19 77.4 79 78.26 79.61 78.95 81 80.86 77.5 79.78
db8 76.5 76.52 80.19 77.73 77.5 78.04 78.65 78.06 80 79.13 77.5 78.87
sym10 75.5 77.17 80 77.55 78 78.26 78.26 78.17 79.5 80.43 77.69 79.2

Table 4   Classification accuracy 
(CA) in percent by single 
optimized SVM classifier and 3 
optimized SVM classifiers for 
three subjects with respect to 
k (fold or partition number) in 
tenfold cross validation

For each case (1 SVM or 3 SVM), suitable features were selected by GA. Indicated times represent the 
start times for 1 s processing duration. All features were calculated using ‘morl’ mother wavelet

Subjects S1 (3.85 s) S2 (3.85 s) S3 (3.75 s)

k 1 SVM 3 SVMs 1 SVM 3 SVMs 1 SVM 3 SVMs

1 90 100 89.14 95.66 91.39 92.31
2 85 95 82.61 89.14 82.7 86.54
3 90 100 84.79 89.14 86.54 88.47
4 95 100 95.66 97.83 86.54 91.39
5 85 90 89.14 91.31 91.39 92.31
6 100 100 86.96 91.31 88.47 91.39
7 90 90 84.79 86.96 88.47 90.39
8 90 100 95.66 100 88.47 90.39
9 90 100 91.31 95.66 92.31 94.24
10 95 100 95.66 97.83 92.31 96.16
Mean 91 97.5 89.57 93.48 88.85 91.35
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among 248 cases i.e. find an appropriate set of features among 
the 16 features for each classifiers. Therefore, GA has to select 
features coded in 48 (16 + 16 + 16) binary variables (feature is 
either used or not used for a given classifier). In this case, the 
CA was improved from 85 to 95% with the selected features: 
f2, f4, f5 for the first classifier, f8, f12, f16 for the second classifier 
and f1, f2, f5, f6, f9, f12, f15 for the third classifier.

In the same way, we have tried to find four SVMs clas-
sifiers, but we could not optimize them to find a mean CA 
more than 94.11%.

Let’s now compare our methods with the existing meth-
ods in which the same database ‘BCI competition IIIb’ 
have been used. Table  3 summarizes the classification 
accuracies of different works to identify left and right hand 
movement based on motor imagery EEG signals. In these 

works, different features and different classifiers were used. 
Reported features and classifiers are those which gave the 
best performance as a mean for the three studied subjects.

According to Table 5, classification accuracies did not 
exceed in best case 81.47%. It is clear that the proposed 
features along with the multi SVMs classifiers used in the 
present work have remarkably improved the classification 
performance and achieved 94.11%.

Discussion and conclusion

In this work, imagery left and right hand movements are 
classified using multi SVMs classifiers. In fact, sixteen fea-
tures, which are extracted from the PSD, wavelet transform 

(a) (b)

Fig. 4   Genetic algorithm (GA) optimization for subject S1 and in fold k = 2. a Misclassification accuracy and selected features for single SVM 
(σ = 2). b Misclassification accuracy and selected features for three SVMs (σ1 = 1, σ2 = 3.5)

(a) (b)

Fig. 5   Genetic algorithm (GA) optimization for subject S2 and in fold k = 4. a Misclassification accuracy and selected features for single SVM 
(σ = 3.5). b Misclassification accuracy and selected features for three SVMs (σ1 = 2, σ2 = 3.5)
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and fractal dimension of EEG signals, are used to feed dif-
ferent SVMs classifiers. From two EEG signals of the chan-
nels C3 and C4, four signals were derived using filtering of 
two sub-bands in order to diversify the features for better 
distinction of motor imagery actions. To take the spatial 
information in account, all proposed features are ratios or 
subtractions of intermediate features calculated from the two 
channels.

This study reveals the difficulty of the identification of the 
hand movement from its motor imagery EEG signals. This 
is due principally to the EEG signals nature as well as their 
generation mechanism inside the brain. Furthermore, differ-
ent subjects cannot perform actions simultaneously. Even for 
the same subject when performing actions in different trials, 
he/her cannot behave in the same way neither perform action 
in the same time position. This is a really non stationary 
classification problem.

Using the proposed features in coarse manner for all sub-
jects did not lead to a good performance (Table 1). In fact, all 
features together give the maximum CA of 77.28%. When 
these sixteen features were used for different subjects sepa-
rately, the maximum CA has exceeded 80% (Table 3). This 

means that subjects are not actions synchronized and they 
cannot be. It seems from this study, that the proposed features 
give the best performance for all studied subjects in the inter-
val [3.5–4] s (Fig. 3). The start time position from this interval 
can vary from subject to subject. Time positions of 3.85 s, 
3.85 s and 3.75 s were the best start positions for subjects S1, 
S2 and S3 respectively. The solution to the start time position 
problem is either finding stationary features which follow the 
action class whatever the action time or finding the correct 
start time position. The first solution is very difficult due to 
the variability between subjects while performing actions. 
The second solution (our suggestion) could be a supplement 
binary classification for the correct time position (to start, 
not yet). Once we get the correct start time decision, we can 
start action identification or classification. In this case, actions 
classification would be performed efficiently.

Most of proposed features are derived from continuous 
wavelet transform (CWT). This is why the effect of the 
mother wavelet on the CA was investigated. Used mother 
wavelets (Table 2, gray zone) seem having the same effect 
(there is no big difference) on the CA but the ‘morl’ mother 
wavelet is the best one.

(a) (b)

Fig. 6   Genetic algorithm (GA) optimization for subject S3 and in fold k = 10. a Misclassification accuracy and selected features for single SVM 
(σ = 1.25). b Misclassification accuracy and selected features for 3 SVMs (σ1 = 1.25, σ2 = 2.5)

Table 5   Summary of 
classification accuracies (CA %) 
for the indicated classification 
methods which used the 
database ‘BCI competition IIIb’ 
to identity left/right hand tasks

Bold values indicate the maximum CA among all classification works

Works Features Classifiers S1 S2 S3 Mean

Lotte et al. [36] BP values SVM 86.8 75.9 75.4 79.36
Zhong et al. [22] BP values VB 89.3 72.96 75.18 78.96
Brodu et al. [5] Wavelet features (Morlet) LDA – 81.5 80.4 80.95
Brodu et al. [20] BP, Multifractal, Complexity LDA – 81.7 80.9 81.3
Bashashati et al. [24] Wavelet features (Morlet) LR 82.39 83.89 78.15 81.47
This work 16 Diversified features Three 

optimized 
SVMs

97.5 93.48 91.35 94.11
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To not use features randomly, genetic algorithm (GA) 
was used to select suitable features for single SVM and 
multi SVMs classifiers. A CA in optimized single SVM was 
reached a CA mean of 89.8%. Optimization of three SVMs 
classifier has improved the CA mean to 94.11%. It is clear 
that using multi classifiers classification improves remark-
ably the classification performance. Getting a CA mean of 
94.11% is very interesting result comparing to the existing 
method for the same data base which did not exceed 81%.

We have tried many times to find four SVMs classifiers; 
unfortunately we could not reach a performance greater than 
already found. This is due to the nature of features which 
could not add discriminate information more than already 
given for the three classifiers (saturation).

The proposed features, in this work, with the combined 
optimized SVMs classifiers have clearly improved the clas-
sification accuracy comparing to the existing works. We 
think that the diversity of the proposed features (different 
kinds) has better contributed to improve the motor imagery 
actions identification when multi classifiers based classi-
fication is used. In diversified features, classes or objects 
to be classified are represented differently. This is why, as 
explained in ‘Multi classifiers based classification principle’ 
section, multi classifiers can find suitable features in a way to 
improve the CA more easier due the their diversity.

In this work, multi classifier based classification was 
investigated using the SVM classifier as an example due to 
its robustness. It would be preferable to compare other kind 
of classifiers for the same database to see which classifier 
would perform the best.
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