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Abstract—The
ability
to
effectively
classify
electroencephalograms (EEG) is the foundation for building
usable Brain-Computer Interfaces. In this presented work
EEG signals were used to extract the information and
classify with different mental task. EEG data was collected
from a source[1]. This data contains recording of 5 subjects
in different mental task conditions (Resting, math, letter
composition, geometric figure rotation task). EEG Signals
were pre-processed and filtered. EOG artifacts were
removed by visual inspection. For classification of these
mental tasks wavelet was used to extract the features. Second
order Daubechies mother wavelet has been used to get the
wavelet coefficients for the selected EEG epochs. Mean,
maximum, minimum and standard deviations values of
wavelet coefficients for the EEG epochs were selected as
inputs for the training the network and to classify mental
tasks. The ANN architecture trained with one step secant
method used in present study shows overall very good results
of classification. This architecture of ANN was also found
effectively differentiating the EEG from different mental
tasks conditions Resting (98%) multiplication (92%), Letter
composition (92%) and rotation (96%).
Keywords— EEG signals; Wavelet; Neural Network;
one step secant method

[11], independent component analysis [12], time-frequency
analysis [13], Bayes quadratic, Hidden Markov Model, and
Linear Discriminant Analysis(LDA)[14].
II. MATERIALS AND
METHODS
A. EEG Data collection
The data was obtained from a source[1].There were 7
subjects. Subjects performed five trials of each task. The EEG
recorded over 7 channels with electrodes positioned at C3, C4,
O1, O2, P3, P4 and EOG according to the 10-20 system of
electrode placement left eye[2]. The four tasks are:
The base line task- the subjects were asked to relax in this
task.
The letter task- the subjects were instructed to mentally
compose a letter to a friend or relative without vocalizing.
The math task- the subjects were given multiplication
problems, such as 49 times 78, and were asked to solve them
without vocalizing or making any other physical movements.
The geometric figure rotation- the subjects were asked to
visualize a particular three-dimensional block figure being
rotated about an axis.

I.
INTRODUCTION
The electroencephalogram represents the bioelectric potential
generated by the neural activity of the brain. The work presented
here has a goal—to extract information from EEG signals and
classify these EEG signal so that mental states can be
discriminated and serve as a mode of communication for a
paralyzed person. Brain Computer interfaces (BCIs) is as
Neural-Prostheses. It is technological interfaces between a
machine (usually a computer) and the brain of a user.
Feature extraction and classification methods are playing
important role in any BCI system. Since any misclassification
and error may cause a wrong signal. To make decision about the
classification method, it is essential to know what the features
are, what is their application and in which way they may help
classification. . A better classification result is also reported by
combining adaptive radial-basis function (ARBF) and AAR
especially with PCA and LDA as classifiers [6]. For
classification and analyzing EEG signals different method have
been proposed ,namely, neural networks [7], statistical methods
[8], autoregressive model [9][10], mixture of densities approach
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Figure 1 : EEG signal under Baseline task
B. Signal Preprocessing
The mean and any linear trend in the data were removed
before multiplying the signal with a window. Hamming window
was used. Band Pass filter was used with 1Hz low cut off
frequency and 35Hz high cut off frequency. The objective of
filtering is to improve the quality of a signal.
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C. Analysis of EEG Signals
The frequency content of EEG signal provides useful
information than time domain representation. The wavelet
transform gives us multi-resolution description of a
nonstationary signal. EEG is non stationary signal hence wavelet
is suited for EEG signals [5]. At high frequencies it represents a
good time resolution and for low frequencies it represents better
frequency resolution. This multi-scale feature of the Wavelet
allows the decomposition of a signal into a number of scales,
each scale representing a particular coarseness of the signal
under study. The procedure of multiresolution decomposition of
a signal x[n] is schematically shown in Fig.2.
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D. Classification Methodology
The classifier proposed for classification of the EEG signals
was implemented by MATLAB software package (MATLAB
with neural networks toolbox). The One-Step-Secant (OSS) is
an approach to bridge the gap between the conjugate gradient
algorithm and the quasi-Newton (secant) approach. The OSS
approach doesn’t store the complete Hessian matrix; it assumes
that at each iteration the previous Hessian was the identity
matrix. This also has the advantage that the new search
direction can be calculated without computing a matrix inverse .
To evaluate the performance of the classifier, classifier was
trained by 60% of total data set called training sets and
remaining 40% of total data set used as testing sets. The test
set were created in the same way as training set and they were
formed from the EEG signals that were not used for training.
The test sets were used to measure the performance of the
network after the training.
There are one input layer, two hidden layers and one output
layer. The Specifications for the neural network employed for
the classification of EEG signals are given in Table I.
TABLE I
NETWORK DESIGN AND SPECIFICATIONS
S.No.
1.
2.

Figure 2: Subband decomposition of discrete wavelet
transform implementation; g[n] is the high-pass filter, h[n] is the
low-pass filter [3]
The wavelet coefficients were computed using daubechies
wavelet of order 2 because its smoothing features are more
suitable to detect changes in EEG signal. In the present study,
the EEG signals were decomposed into details D1-D4 and one
approximation A4. The decomposition of the signal leads to a
set of coefficients called wavelet coefficient. Down sampled
outputs of high pass filters produces detail wavelet coefficient
(D1) and that of low pass filters produces approximation
wavelet coefficients(A1).

3.
4.
5.
6.
7.
8.
9.
10.

Parameters
Type of network
No. of Neurons in the first hidden
layer
No. of Neurons in the second hidden
layer
Performance function
Training Function
Activation Function in the hidden
layers
Activation Function in the output
layer
Maximum no. of epochs
Goal
Maximum step

Value
Feed forward
15
10
MSE
TRAINOSS
Tan –
Sigmoid
Linear
3000
0.00000001
100

III. RESULTS AND DISCUSSIONS
A. Feature Extraction
The detailed wavelet coefficients of EEG segments under
different mental task condition at the fourth decomposition level
is shown in the following figures.

Figure3: Wavelet Decomposition of EEG Signal at different
levels
(a)
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(iv) Standard deviation of the wavelet coefficients in each
subband.
These feature vectors, which were calculated for the D1–D4 and
A4 frequency bands.
B. Classification

(b)

The neural networks performance in our classification process
is evaluated by means of Mean Squared Error. The MSE is
computed by taking the differences between the target and the
actual neural network output, squaring them and averaging over
all classes and internal validation samples. As the neural network
is iteratively trained, the MSE should drop to some small, stable
value. Each neural network has its MSE plotted independently.
The Training graph between the number of epochs and error
performance is shown as in Fig 5.

(c)
Figure 5: Network training graph
C. Classification Accuracy
The classification accuracy has been calculated as total
number of task identified correctly divided by total number of
tasks presented from testing set. The percentage accuracy of
classification achieved using one step secant algorithm is found
to be good and well suited for BCI applications.
TABLE II
(d)
Figure 4: (a),(b),(c) and (d) Plots for Discrete wavelet
coefficients for baseline task, math task, letter composition task
and rotation task respectively
The extracted wavelet coefficients provide a compact
representation that shows the energy distribution of the EEG
signal in time and frequency band. Therefore, the computed
detail and approximation wavelet coefficients of the EEG signals
were used as the feature vectors representing the signals.
There are no. of wavelet coefficients. In order to reduce the
dimensionality of the feature vectors, statistics over the set of the
wavelet coefficients were used. The following statistical features
were used to represent the time-frequency distribution of the
EEG signals:
(i) Maximum of the wavelet coefficients in each subband.
(ii) Minimum of the wavelet coefficients in each subband.
(iii) Mean of the wavelet coefficients in each subband.
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CLASSIFICATION ACCURACY
Name of Mental
Tasks

Classification
Accuracy

Baseline Task

98%

Multiplication
Task

92%

Letter Composing
Task

92%

Rotation Task

96%
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VI.

IV.
CONCLUSIONS
The visual inspection of the four classes of EEG signal does
not provide much information. Feature extraction was done
using discrete wavelet transform. EEG signals were
decomposed upto level four using daubechies wavelet of order
2. Wavelet coefficients were computed. Mean, maximum,
minimum and standard deviations of the wavelet coefficient
were estimated. These wavelet feature vectors were serve as
input to classify EEG mental tasks using neural network. For
classification back propagation feed forward with one step
secant algorithm was employed. This trained neural network
gave good performance at 166 epoch. The percentage of
classification accuracy of network was found 92% to 98%.
Finally the EEG signals was successfully classified.
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