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Abstract - Brain-computer interfaces (BCIs) have been
examined in the field of bio-medical engineering. This brain-
computer interface method is very useful for the people who
are suffered by some nervous disorder to control or operate
the external devices. EEG dataset are acquired and these
signals are processed for identifying the brain thoughts to
control the device. Here we proposed the method for the
classification of the finger movements using EEG signals
which are used in the application of artificial upper limb.
This method includes pre processing, feature extraction and
feature classification. Pre processing includes the removal of
artifacts in the EEG signals due to some noises like eye
blinking, etc. Discrete Wavelet Transform is used for the
feature extraction. Features in both time domain and
frequency domain are evaluated on the various EEG Signals.
Based on the features extracted from various EEG signals,
they are classified for the different finger movements using
SVM classifier. The accuracy of 96.67% has been achieved
for the proposed finger movement’s classification.

Keywords - Brain Signals, Electroencephalogram (EEG),
Discrete Wavelet Transform, Support Vector Machine (SVM).

1. Introduction

Brain Computer Interface is a communication pathway
between the brain and an external device. Any natural
form of communication or control requires peripheral
nerves and muscles in a human body. This mode of
communication is the most useful application for the
people to communicate or operate any device who are
attacked by some nerve diseases. In this interface, the
brain signals are extracted and the device will operate
based on the thinking of the person. The commonly used
brain signal is the Electroencephalogram (EEG) signal.
The reasons for the usage of EEG signals are it is easily
recorded and it is also processed with the help of the
inexpensive equipment [1].

1.1 EEG Signals

EEG signals which are easily recorded in a non-invasive
manner by placing electrodes on the scalp. The
international 10-20 system is followed to the placement of
electrodes on the scalp that has been standardized by the
American Electroencephalographic Society. EEG signals
contain a set of signals which are classified according to
their frequency. These frequency bands from low to high
are referred to as delta (8), theta (0), alpha (), beta (B),
and gamma (y) respectively. The delta band which lies
below 4 Hz. These are only observed in adults in deep
sleep state. Theta waves which lie within the 4 to 7 Hz
range have a large amount of frequencies in young
children and adults in drowsy or sleepy states. Alpha
waves lie within the 8 to 12 Hz range. The amplitude of
the alpha waves increases when the eyes are closed and the
body relaxation. Alpha waves lie within the 8 to 12 Hz
range. These are found over the occipital region in the
brain. The amplitude of the alpha waves increases when
the eyes are closed and the body relaxation but if there is a
presence of any mental effort or the opening state of eyes,
they will attenuate. Mu rhythms may present in the range
where the alpha rhythms present, but there are some
important physiological differences between them. Beta
rhythms lie within 12 to 30 Hz range. They are related to
the motor activities of the brain. Gamma band waves
occupy the frequency ranging from 30 to 100 Hz. These
band signals are used very less in EEG based BCI systems
because the artifact signals are likely to affect them [2].

1.2 EEG Recording Systems

This recording system of this EEG signals comprises of
the following equipments. They are recording device,
electrodes, A/D converter, and amplifiers [3]. The
electrodes are placed on the scalp because it is the non-
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invasive method. The EEG signals which acquire from the
scalp are processed by the amplifiers to enlarge the
amplitude of the analog signal. Due to this amplification of
the amplitude of the EEG signals the A/D converter can
digitalize the signal in a more accurate way. The recording
device may be a personal computer or store and displaying
data. The potential difference between signal or active
electrode and reference electrode is measured as the EEG
signal over time. An additional third electrode which is
used to measure the difference voltage between the active
electrode or signal electrode and the reference points is
referred as ground electrode.

Therefore EEG signal measurement contains three
electrode of one active, one reference and one ground
electrode [4]. There are up to 128 or 256 active electrodes
in multi channel configurations. Silver Chloride (AgCl) is
used to make these electrodes. The contact impedance
between the electrode and scalp should be in the range of 1
kQ and 10 kQ to record the accurate signals. The
electrode-tissue interface behaves as a low pass filter
because it is resistive as well as capacitive. The impedance
is dependent on the several factors such as the interface
layer, electrode surface area and temperature. The
conductive path between the skin and each electrode is
created by EEG gel that reduces the impedance. Electrodes
which do not need to use of gels called ‘dry electrodes’. It
has been made with other materials such as titanium and
stainless-steel [4]. These electrodes may be dry active
electrodes which have pre amplification circuits for
dealing with very high electrode/skin interfacial
impedances. The dry passive electrodes have no active
circuits. They are linked with EEG recording systems of
ultra high input impedance. The amplitude is in the order
of micro volts for electro bio signals which are very
sensitive to electronic noise. Background noise is
generated by the external sources such as power lines.
Internal sources generate thermal, shot, flicker and burst
noises. To reduce the effects of the noise such as
electromagnetic interference shielding or to the reduction
of common mode signal design considerations should be
addressed [2].

2. Related Works

Arnaud Delorme created a statistical framework that is
based on Gaussian Mixture Models and Maximum A
Posteriori model adaptation [5], successfully applied to
speaker and face authentication. It allows the user to be
trained to work with the authentication system and then be
tested for the identity. Lee developed a system to identify
people using EEG signals generated during their imagined
speech [6]. With the help of the model, subjects are
identifiable to 99.76% accuracy. But, there are chances
that people can’t imagine their speech with the same
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characteristics every time. Darvishi suggested an idea of
user authentication with more accuracy and robustness [7]
using EEG signals. He addressed two major problems
associated with EEG biometrics. One is that the large EEG
features size and the relatively limited EEG data size,
make it difficult to train a robust model; the other is that
the signals from EEG scalp may not be reliable in many
situations.

3. Proposed Method

In our proposed method, the finger movements are
classified based on the extracted feature values. The block
diagram of the proposed method is shown in Figure 1.
There are 4 steps in the classification of the finger
movements using EEG signals. They are EEG signal
acquisition and pre processing, Feature Extraction, Feature
Classification and displaying of the classified output.
Feature Extraction is done with the help of Discrete
Wavelet Transform. As the alpha and beta bands contain
more information about the finger movements, those band
signals alone taken for the feature extraction.

EEG Signal Acquisition and Pre Processing

A 4

Discrete Wavelet Transform

'

Feature Extraction

A

Feature Classification

A

Displaying the Classified Output

Fig. 1 Block Diagram of the proposed method

3.1 EEG Signal Acquisitions and Pre Processing

EEG signals are collected from the database [S]. The
signal may be affected by some artefacts due to the eye
blinking noise and the electrical noises from the external
devices. These signals are removed with the help of the
Butterworth low pass filtering with the cut-off frequency
of 64Hz. The C3 and C4 electrode signals are the most
responsible electrodes for the finger movements. So those
signals are taken for the analysis.
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3.1 Discrete Wavelet Transform

The EEG signals contain the alpha, beta, gamma, theta,
mu bands. Alpha and Beta bands are taken for the
consideration. The features are extracted from these bands
alone. The bands are separated from the EEG signal using
Discrete Wavelet Transform. In the first level of
decomposition the signals are separated as 0-32Hz and 32-
64Hz. In the second level, the low pass signals are
approximated with the frequency bands of 0-16Hz (Alpha)
and 16-32Hz (Beta). From these alpha and beta band
signals, features are extracted to identify the hand finger
and leg movements.

3.2 Feature Extraction

Features are extracted for alpha and beta band signals of
EEG waves. Totally six features are extracted from these
signals. They are modified mean absolute value (MMAYV),
Root Mean Square (RMS), Waveform Length (WL), Zero
Crossing (ZC), Slope Sign Change (SSC) and Simple
Square Integral (SSI). Among these six, four features are
time domain features and two are frequency domain
features. Time Domain Features are Modified Mean
Absolute Value, Root Mean Square, Waveform Length
and Simple Square Integral. Frequency Domain Features
are Zero Crossing and Slope Sign Change.

Modified Mean Absolute Value: Modified Mean Absolute
Value is similar to the average rectified value. It can be
calculated using the moving average of full-wave rectified
EEG signal. In other words, it is calculated by taking
average of the absolute value of the EEG signal. It is an
easy way for the detection of muscle contraction levels. It
is defined as

1 N
MMAV =— > h
NZ;, |

ey

Root Mean Square: Root Mean Square is modelled as
amplitude modulated Gaussian random process whose
RMS is related to the constant force and non-fatiguing
contraction. It relates to the standard deviation, which can
be expressed as

RMS = Lz v
N @

Waveform Length: Waveform Length is the cumulative
length of the waveform over the time segment. WL is
related to the waveform amplitude, frequency and time. It
is given by
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N

WL = Z yn+1 - yn
n=1 (3)

Simple Square Integral: Simple Square Integral uses the
energy of the EEG signal as a feature. It can be expressed
as

2

N
SSI=Yy,
n=1

“

Zero Crossing: Zero crossing is the number of times that
the amplitude value of the EEG signal crosses the zero y-
axis. In EEG feature, the threshold condition is used to
abstain from the background noise. This feature provides
an approximate estimation of the frequency domain
properties. It can be formulated as

>threshoi

N
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Slope Sign Change: Slope Sign Change (SSC) is similar to
ZC. It is another method to represent the frequency
information of EEG signal. The number of changes
between positive and negative slope among three
consecutive segments are performed with the threshold
function for avoiding the interference in EEG signal. The
calculation is defined as

SSC = g[f[(yn R L S || o

3.3 Feature Classification

The features which are extracted from the alpha and beta
bands of the EEG signal are classified using the Support
Vector Machine (SVM) classifier. Two signals are taken
for training and the remaining signals are taken for the
testing. Based on the trained signals feature values the test
signals are classified that which leg movement or the hand
finger movement.

4. Results and Discussions

The EEG signal database is collected and it contains 6
types of signals which are Left Leg, Right Leg, Left Hand
Finger Close, Left Hand Finger Open, Right Hand Finger
Close, and Right Hand Finger Open. Left Leg and Right
Leg signals contain five sequences. Left Hand Finger
Close, Left Hand Finger Open, Right Hand Finger Close
and Right Hand Finger Open contain four signals. Two
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signals from each type have taken for the training phase.
The remaining signals are taken for the testing phase. The
signals of Left Leg, Right Leg, Left Hand Finger Close,
Left Hand Finger Open, Right Hand Finger Close and
Right Hand Finger Open are shown in Fig 2-7.
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Fig.2. Left Leg
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Fig.3. Right Leg
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Fig.4. Left Hand Finger Close
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EEG Signal for Left Finger Open
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Fig.5. Left Hand Finger Open
EEG Signal for Right Finger Close
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Fig.6. Right Hand Finger Close
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Fig.7. Right Hand Finger Open

The Wavelet Transform is applied to decompose the
signals and to extract the alpha and the beta band of the
EEG signal. The alpha band and beta band of the EEG
signal is shown in Fig 8-19
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Figure .9.Alpha Band for Left Leg
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Figure.10. Beta Band for Right Leg
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Figure.11.Alpha Band for Right Leg
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Figure.12.Beta Band for Left Finger Closed
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Figure.13.Alpha Band for Left Finger Closed
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Figure.14.Beta Band for Left Finger Opened
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High-frequency Component (16-32 Hz) Six features are extracted from these alpha and beta bands

20 . . . T . T of each type of signal. The feature values of the beta band
—— (3 Electrode signal measured in C3 electrode for each signal are given

10+ — (4 Flectrode H in Table 1. The feature values of the beta band signal
e measured in C4 electrode for each signal are given in

Table 2. The feature values of the Alpha band signal
measured in C3 electrode for each signal are given in
Table 3.
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RHC - Right Hand Finger Close
Figure.16. Beta Band-Right Finger Closed LL — Left Leg
RL - Right Leg
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Figure.19. Alpha Band-Right Finger Opened
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Table-4: Feature Values for Alpha band in C4 electrode
Features LL RL LHC | LHO | RHC | RHO

MMAV 3.11 | 431 18.6 | 18.6 | 18.02 | 18.58
RMS 7.33 | 10.07 | 41.2 | 41.1 | 40.19 | 39.68

2.92 4.08 5.28 5.24 5.14 | 5.186
(e+03)
SSI
(e+04) 1.34 2.54 1.28 1.26 1.21 1.186

zC 1258 | 1283 | 371 376 372 383

SSC 1130 | 1079 | 305 307 304 305

These feature values are trained using SVM classifier. The
testing signals were given and the signals are classified
based on its feature values. Classification results are
shown in Fig 20.

= ﬂ&‘

=N X

Leftleg Left Finger Open

Fig.20. Classification Result for two testing signals

The result analysis table is shown in Table V. This table
gives the details of the accuracy of the classification of the
finger movements using the feature values obtained above.

Table-5.Result Analysis Table

Features LL | RL | LHC | LHO | RHC | RHO

Total No. Of
Signals

No. of
Training 2 2 2 2 2 2
Signals

No. of
Testing 3 3 3 3 3 3
Signals

No. of
Correctly
Detected

Signals

No. of
Wrongly
Detected

Signals

Accuracy

(%) 100 | 100 | 100 100 100 80
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5. Conclusions

The proposed work is to analyse classification of the
finger movements using EEG signals in particular Left and
Right hand fingers open and close are focused. Alpha and
Beta bands of the signals are extracted using the Discrete
Wavelet Transform. Four features in time domain and two
features in frequency domain are extracted. These six
features can be fed to the classifier for further
classification of different finger movements which are
used in the application of artificial upper limb. The
accuracy of 96.67% is achieved for the wavelet based
classification of finger movements using EEG signals.
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