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Effect of feature and channel selection on EEG classification

Ahmed Al-Ani and Akram Al-Sukker

Abstract— In this paper, we evaluate the significance of
feature and channel selection on EEG classification. The se-
lection process is performed by searching the feature/channel
space using genetic algorithm, and evaluating the importance
of subsets using a linear support vector machine classifier.
Three approaches have been considered; (i) selecting a subset
of features that will be used to represent a specified set of
channels, (ii) selecting channels that are each represented by a
specified set of features, and (iii) selecting individual features
from different channels. When applied to a Brain-Computer
Interface (BCI) problem, results indicate that improvement in
classification accuracy can be achieved by considering the right
combination of channels and features.

I. INTRODUCTION

The analysis of EEG signals play an important role in
a wide range of applications, such as psychotropic drug
research, sleep studies, seizure detection and brain computer
interface. Various EEG analysis methods have been proposed
in the literature, and some of these methods achieved good
results in specific applications. However, automated EEG
analysis is still a very challenging problem due to the poor
resolution of EEG and its multi-channel nature.

For the particular problem of Brain-Computer Interface
(BCI), there has been an extensive research on studying the
EEG signals of subjects while performing different mental
tasks. Three main aspects can be considered to improve the
performance of BCIs, namely signal processing and feature
extraction [1], [2], feature and channel selection [3], [4], [5],
and classification technique [6], [7]. In this paper, we will
focus on the feature and channel selection aspect.

Feature subset selection aims at reducing the feature set
dimensionality through selecting a subset of features that
performs the best under some classification system. This
is essential to reduce computational cost and improve clas-
sification performance, especially when dealing with finite
sample size. On the other hand, the appropriate choice of
number of channels and their locations plays an important
role in the analysis of EEG signals. In some cases, there is no
clear agreement about the number and location of necessary
channels to collect data. Using small number of channels
without carefully choosing their locations may cause a loss
of important information. Alternatively, including more chan-
nels to collect data will provide redundant information, which
could degrade the system performance. Hence, both feature
and channel selection are important to EEG analysis.

The application of feature and channel selection to BCI
have been studied by a number of researchers. In [3],
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frequency component selection has been considered for two
channels (C3 and C4), and the authors concluded that the
selection should be individual for each subject as well as for
each channel. Six EEG channels have been considered in
[4], and for each channel a set of features that represent the
average power spectra of the standard EEG frequency bands
have been used. The search was performed over 11 time
windows and six frequency bands, while including all six
channels in each case. The paper indicates that the subset
that achieved the highest classification accuracy contained
features from every time window and every frequency band.
Channel selection has been addressed in [5], where 39
channels have been used, each represented by coefficients
of an AR model of order 3. The importance of the channels
were ranked for five subjects, and the results indicated that
channels around the motor area of the cortex were relatively
more important than other channels.

This work explores a more general approach to the
problem in terms of analyzing both feature and channel
selection. Firstly, we will search for the best subset of
features that would represent a previously specified subset
of channels. Secondly, we will use a fixed subset of features
that represents each one of the channels and search for the
best channel combination. Thirdly, both channel and feature
spaces will be searched for the best subset of features from
different channels. Finally, we will divide the scalp into two
regions and compare the performance of their corresponding
channels.

The paper is structured as follows: Section II describes the
data. Explanation of the selection procedure is presented in
Section III. In Section IV, experimental results are presented,
and a conclusion is given in Section V.

II. DESCRIPTION OF DATA

The data used here was obtained from the Department
of Medical Informatics, University of Technology, Graz,
Austria. EEG signals were recorded for three right-handed
females with 56 Ag/AgCl Electrodes using monopolar mon-
tage, with reference electrode on the right ear. Fig. 1 illus-
trates the position of electrodes. The subjects were placed
in an armchair and asked to imagine right or left finger
movement according to a stimuli on screen. A total of 8
seconds of data were recorded at 128Hz sampling rate, 2
seconds before the stimuli and 6 after it. A total of 406
trials were used, 208 for left movement and 198 for right
movement.

Since EEG is a time-varying and space-varying non-
stationary signal, we used the wavelet transform to extract
features from the data of each trial. According to [8], the
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Fig. 1. Position of EEG electrodes

wavelet transform was found to provide good way to visual-
ize and decompose EEG signals into measurable component
events. The decomposition of the signal using this tool gives
scaled and shifted version of the original ”mother” wavelet.
The first order Daubechi (db1) was chosen as the mother
wavelet in this work.

III. THE SELECTION PROCEDURE

All feature/channel selection methods need to use some
sort of evaluation function together with a search procedure
to find the optimal feature/channel subset. Evaluation func-
tions estimate the importance of subsets in discriminating
between classes, and can be divided into two main groups:
filters and wrappers. Filters measure the relevance of sub-
sets independently of any classifier, whereas wrappers use
classifiers’ performance as the evaluation measure. Because
of this, Filter methods are faster than wrappers, but their
performance is usually not as good as that of wrapper
methods. We adopt a wrapper method in this work, where the
importance of subsets are measured using the classification
accuracy of a Linear Support Vector Machine (LSVM). The
LSVM was found to be a reliable classifier, especially for
binary classification problems that deal with limited number
of training patterns.

Search procedures, on the other hand, are methods that
only consider small portions of all possible subsets. sev-
eral search procedure methods have been developed, which
basically differ in their computational cost and the opti-
mality of the subsets they find. One of the well-known
search procedures is the Genetic Algorithm (GA), which
is a combinatorial search technique based on both random
and probabilistic measures. Subsets of features/channels are
evaluated using a fitness function and then combined via
cross-over and mutation operators to produce the next gen-
eration of subsets [9]. The GA employs a population of
competing solutions, evolve over time, to converge to an
optimal solution. Effectively, the solution space is searched in
parallel, which helps in avoiding local optima. A GA-based

feature selection solution would typically be a fixed length
binary string representing a feature/channel subset, where the
value of each position in the string represents the presence
or absence of a particular feature/channel.

In all the experiments described in the next section, a
GA-based selection method is implemented using the aver-
age classification accuracy of a seven-fold cross-validation,
obtained by a LSVM, as the fitness function. Trials from
all three subjects will be used, i.e, the experiments are not
subject dependent.

IV. EXPERIMENTAL RESULTS

A. Feature Selection

We extracted 13 features that represent the energy of
different frequency bands extracted from the discrete wavelet
packet transform. Two packet trees (shown in Fig. 2) have
been used for this purpose to obtain the following frequency
bands: 0−4, 4−8, 8−12, 12−16, 16−20, 20−24, 24−28,
28 − 32, 0 − 8, 8 − 16, 16 − 24, 24 − 32 and 32 − 64 Hz.
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Fig. 2. Wavelet packet trees

In this experiment, only channels 26 and 32, which
represent channels C3 and C4 respectively, are used. In
order to select the best frequency bands that would represent
both channels, we varied the desired number of features
to be selected between 2 and 10. The selection procedure
described in the previous section is used to select the best
subsets. The GA-based selection is performed using the
following parameter settings: population size = 30, number
of generations = 25, probability of crossover = 0.8, and
probability of mutation = 0.05. The obtained binary strings
are constrained to have the number of ’1’s matching the
predefined number of desired features. The obtained results
are shown in Table I.

The obtained results indicate that there is a small variation
between the classification accuracy of feature subset with
the desired number of features ranging between 3 and 8. As
using a small number of features is more desirable, a subset
of 3 features that represent the energy values of the frequency
bands 4 − 8, 8 − 16 and 16 − 24 Hz will be used in all the
remaining experiments.



TABLE I

CLASSIFICATION ACCURACY OF FEATURE SUBSETS

Desired No. of features Classification accuracy
2 68.00%
3 70.25%
4 70.75%
5 71.25%
6 70.50%
7 70.75%
8 71.00%
9 69.25%
10 68.00%

It is worth mentioning that the classification accuracy of
features 3 and 6 (frequency bands 8 − 12 and 20 − 24 Hz)
is found to be 60.00%, which is clearly outperformed by
the results shown in Table I. Those two features represent
frequency bands that are similar to the ones suggested in
[3].

B. Channel Selection

In this section, we used the chosen subset of 3 features
to represent each of the 56 channels shown in Fig. 1. The
GA-based selection is performed using the same parameters
described earlier, but because we are dealing with a bigger
search space, we chose to increase the population size and
number of generations to 50. The aim here is to investigate
the following:

• Are channels C3 and C4 the best two channels?
• Will it be useful to include more than two channels?

Firstly, we calculated the classification accuracy of all
possible subsets of two channels (1540 subsets), and found
that channels C3 and C4 give the best result. This supports
the literature in identifying the importance of channels C3
and C4 in analyzing motor imagery data.

In the second experiment, we varied the desired number
of channels between 2 and 50 and performed channel selec-
tion. The training and testing classification accuracy of the
selected subsets are shown in Fig. 3. The results clearly show
the advantage of including more than two channels, where
a maximum classification accuracy of 83.25% (for the test
set) could be acheived using 16 channels. This represents an
improvemnt of 13% compared to the accuracy of channels
C3 and C4, and a reduction in the error rate of 43.70% 1.

It can also be noticed that the testing classification accu-
racy starts to decline after selecting more than 20 channels,
and the decline becomes more rabid when selecting 40
or more channels. On the other hand, the classification
accuracy of the training set continues to have some increase
when more channels are included. The main reason for the
improvement in the training set and the deterioration in the
test set is that as the number of channels increases, there
will be more parameters for the classifier to estimate, which

1The equation of the error reduction rate is (Erb2 − Erb16)/Erb2 ×
100%, where Erb2 is the error rate of the best 2 channels (29.75%), and
Erb16 is the error rate of the best 16 channels (16.75%)
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Fig. 3. Classification accuracy of the selected channels for the training
and test sets

makes it harder to generalize, especially when dealing with
limited number of patterns.

C. Feature/Channel Selection

In the previous section, we used three features to represent
each channel, and hence, when two channels are selected,
six features are actually used to classify each trial. We
will now investigate the importance of selecting individual
features from different channels, which may be referred to
as combined feature/channel selection. This will increase the
search space, as there will be 168 variables, compared to 56
for the channel selection. However, the GA-based selection
parameters are kept the same in order not to increase the
computational time.

In this experiment, the desired number of selected features
was varied between 6 and 150, i.e., the equivalent of [2, 50]
channels each represented with three features. It has been
found that the selected features are extracted from far more
channels than the ones used when implementing channel
selection, i.e., more channels are exploited. For instance,
when the desired number of features was set to 12, the best
subset was found to consist of features extracted from 11
different channels.

The obtained results, shown in Fig. 4, indicate that the
selection of individual features from different channels is par-
ticularly useful when selecting 30 features or less (equivelant
to 10 or less channels with 3 feature each). An error reduction
rate of up to 16.4% could be acheived. When increasing
the desired number of selected features, the performance
of channel and feature/channel selection gets closer, but for
most of the cases feature/channel selection achieved a higher
classification accuracy. Similar to channel selection, the
performance of feature/channel selection started to decline
when selecting large number of features, which is due to
the generalization problem. These findings support the fact
that feature/channel selection is more general than channel
selection, and only due to the increased complexity of the
search, we could find in few cases that channel selection
achieved better results.
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Fig. 4. Classification accuracy of the selected channel and feature/channel
subsets

D. Motor Versus Non-motor Channels

In this experiment, we divided the 56 channels into two
sets. The first set consists of 27 channels in and around
the motor area (inside the dashed rectangle in Fig. 1). The
remaining 29 channels, which we will be referred to as the
non-motor channels, are used to form the second set. Similar
to the previous two sections, each channel is represented by
the chosen 3 features described in section IV-A.

Individual features from different channels were selected
from each set by varying the desired number of features
between 6 and 78. The obtained results, shown in Fig. 5,
confirm that motor channels are more important than non-
motor channels. The figure also indicates that non-motor
channels can provide useful information about the classi-
fication task, which is evident by achieving classification
accuracy well above the random guess probability of 50%.
It has also been found that the classification accuracy of the
best subset of 6 features extracted from the motor channels
was 73.89% compared to 75.12% for features extracted from
all channels. Nevertheless, for most cases, the performance
of the selected features from motor channels was found to be
better than that of features extracted from all channels, with a
maximum classification accuracy of 84%. This is because of
the increased complexity of the search when considering all
channels, which makes it difficult for the genetic algorithm
to find the optimal solution.

V. CONCLUSIONS AND FUTURE WORKS

We investigated in this paper the importance of channel
and feature selection on EEG classification and particularly
in relation to the brain computer interface problem. We have
used the discrete wavelet packet transform to process the
signals and have shown that a good compromise between
performance and computational cost could be achieved by
using three features that represent the energy of frequency
bands 4−8, 8−16 and 16−24 Hz. It has also been found that
motor imagery channels play an important role in the analysis
of BCI, however, including other channels as well could
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Fig. 5. Classification accuracy of selected features from motor and non-
motor channels

provide additional information that would help in improving
the performance in certain cases. The obtained results also
prove the advantage of selecting individual features from
different channels, especially when selecting limited number
of features.

This paper have underlined the importance of channel and
feature selection on EEG classification. We are planning to
further validate the findings on a larger dataset and apply
this concept to other EEG problems.
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