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Abstract

Successful classification depends on the selection of the distinctive features and the effective channel subset used in the classification.
In this study, novel and practical methods are proposed for determining the distinctive features and detecting effective channel subsets
in the multi channel classification systems such as EEG. Two different feature extraction methods are compared in the study. The first
one is based on classical Wavelet transform and the second is our proposed approach which used the slope of signal segments. Feature
vectors are generated from some signal properties such as the mean, standard deviation, numerical integral of the Wavelet coefficients
for classical Wavelet transform based feature extraction method. For our proposed method, only the slopes of signal segments are used
for the feature vectors. In the proposed Signal Path Slope (SPS) feature extraction method, differently from the classical Wavelet based
method, a Savitzky Golay (S-G) filter with an optimal frame length is applied to the signal before segmentation to make the path of the
signal more prominent in time domain. In this way, the distinctive classification features are extracted by using S-G filter. For channel
selection, an iterative channel selection method based on the classification results which divide the dataset labelled dataset into two
groups as % 90 pre-training and %10 pre-test data is proposed. The dataset provided as dataset-3 in BCI competition IV is used in this
study. The feature vectors extracted by using the proposed methods are classified for each method with the Support Vector Machine
classifier. The results are given comparatively and it is observed that our proposed method has less computational complexity and more
successful classification than Wavelet based classical feature extraction methods. The highest classification accuracies of % 67.74 and
% 49.27 for subject-1 and subject-2 respectively are obtained with a low dimensional feature vector by proposed SPS feature extraction
method. The classification accuracies achieved in the study are increased by % 8.24 for subject-1 and % 14.97 for subject-2 when
compared average of the competition results. The significant increase in the success for both subjects shows the consistency of the
proposed methods. By this study, it is observed that there is a subject-specific signal pattern related to motor imagery tasks in the brain.
This pattern distinctive features is successfully determined by using the proposed methods.

Keywords: Brain Computer Interface, Classification, Feature Vector, Channel Selection, Savitzky Golay.

Sinyal Segmentlerinden Elde Edilen Ozniteliklerin Simiflandirma
Basarisina Etkisi Uzerine Bir Arastirma

Oz

Basarili simflandirma, ayirt edici dzniteliklerin ve siniflandirmada kullanilan etkin kanal alt kiimesinin se¢imine baghdir. Bu ¢aligmada,
EEG gibi ¢ok kanalli siniflandirma sistemlerinde ayirici 6zniteliklerin belirlenmesi ve etkin kanal alt kiimelerinin saptanmast i¢in yeni
ve pratik yontemler 6nerilmis ve iki farkli 6znitelik ¢ikarma yontemi karsilastirilmigtir. Bunlardan ilki, klasik Dalgacik doniisiimiine ve
ikincisi de sinyal segmentlerinin egimini kullanan 6nerilen yaklagimimizdir. Klasik Dalgacik doniisiimii tabanli 6znitelik ¢ikarma
yontemi i¢in Dalgacik katsayilarimin ortalama, standart sapma, sayisal integrali gibi bazi sinyal 6zelliklerinden 6znitelik vektorleri
iiretilir. Onerilen, Sinyal Yolu Egimi (SPS) yontemi icin ise &znitelik vektorleri sadece sinyal segmentlerinin egimlerinden
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olusmaktadir. Onerdigimiz dznitelik ¢ikarma yonteminde, klasik Dalgacik tabanli yontemden farkli olarak, segmentasyondan dnce
sinyale zaman domeninde optimal ¢er¢eve uzunluguna sahip bir Savitzky Golay (SG) filtresi uygulanarak sinyal yolunun daha belirgin
hale getirilmesi saglanmistir. Bu sayede SG filtresi kullanilarak ayirt edici siniflandirma 6znitelikleri ¢ikarilmaktadir. Kanal sec¢imi igin,
egitim veri kiimesi %90 6n egitim ve %10 On test verisi olarak iki gruba ayiran iteratif bir kanal se¢cim yontemi onerilmistir. Calismada
BCI yarigmas: IV'te sunulan veri seti-3 kullamlnustir. Onerilen yontemler kullamlarak ¢ikarilan znitelik vektdrleri Destek Vektor
makinesi siniflandiricisina tabi tutulmustur. Sonuglar karsilagtirmali olarak verilmis ve onerilen yontemimizin Wavelet tabanli klasik
Oznitelik ¢ikarma yontemlerine gore daha az hesaplama karmagikligina ve daha basarili simiflandirma Kkabiliyetine sahip oldugu
gozlemlenmigtir. Denek-1 ve denek-2 i¢in sirasiyla % 67.74 ve % 49.27 olan en yiiksek siniflandirma dogrulugu, 6nerilen SPS 6znitelik
¢ikarma yontemi ile diigiik boyutlu bir 6znitelik vektori ile elde edilmistir. Calismada elde edilen siniflandirma basarimi, yarisma elde
edilen sonuglarla karsilastirildiginda, denek-1 igin % 8.24 ve denek-2 i¢in % 14.97 oraninda smiflandirma basarisi artisi
gozlemlenmistir. Her iki denek igin de bagaridaki 6nemli artig, onerilen yontemlerin tutarliligim géstermektedir. Bu ¢alisma ile beyinde
motor imgeleme gorevleriyle ilgili denege 6zgii bir sinyal oriintiisii oldugu gézlemlenmistir. Bu 6riintiiniin ayirt edici 6zellikleri 6nerilen

yontemler kullanilarak basarili bir sekilde tespit edilmistir.

Anahtar Kelimeler: Beyin Bilgisayar Arayiizii, Stniflandirma, Oznitelik Vektérii, Kanal Secimi, Savitzky Golay.

1. Introduction

The investigation of psychophysiological signals such as
Magnetoencephalography (MEG) and Electroencephalography
(EEG) has become very popular research area by the desire to
explore human brain. Researchers have been trying to classify
psychophysiological signals to understand and learn the nature of
life. The most important factor affecting the classification success
is the determination of the distinctive features used in
classification. In the literature, various mathematical procedures
such as Wavelet transform [1-3], Fourier transform [4],
autoregressive model [5] and common spatial pattern [6-9] have
been used to determine the most efective distinctive features from
the psychophysiological signals. The main purpose of
classification is to clean the unnecessary data and make the most
effective classification with the most optimal number of features.
It is also important to determine the effective channel subset in
multi channel signals such as EEG [10, 11]. Each channel
determined by channel selection increases the feature size by one
fold. High dimensional feature vector space increases the
classification computational time and complexity.

Briefly, the success of the entire system is determined by the
distinctive features, channel subset and preferred classifier
method. Popular classification methods such as K-Nearest
Neighbors (KNN) algorithm [12], Support Vector Machines
(SVM) [13-16], Linear Discriminant Analysis (LDA) [6-8,17,18]
and artificial neural networks [19-24] have been widely applied
BCI classifications in the literature.

In this study, novel and practical approach which use signal
differentiation property of the Savitzky Golay (S-G) filter [25]
and slope of the signal segements has been proposed to determine
the distinctive features. Channel subset used in the classification
is also determined by an iterative channel selection method based
on Kappa coefficient [26].

The proposed method is tested on dataset-3 consisting of
Magnetoencephalography (MEG) signals in BCI competition 1V.
The MEG dataset was recorded from two healty and right handed
subjects during the wrist movements in four directions (in the
horizontal plane with corners pointing left, right, away from and
toward the subject's body). The participants were tried to predict
the class labels for unlabeled evulation data consisted of 74 and
73 trials for subject-1 and subject-2 respectively using the labelled
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training data which included 40 trials per class for each subject
[27,28]. Sardouie and Shamsollahi from Sharif University
achieved the highest classification success in the competition
among 4 participant groups with % 46.9 (S1= %59.5, S2=%34.3)
accuracy rate. They extracted frequency domain features and
wavelet coefficients from 12 channels (10 real channels plus 2
artificial bipolar channels) for feature set. They reduced the
number of features using a supervised algorithm. They also used
a genetic algorithm selected features to optimize the classification
accuracy. Then they have used a combination of a linear SVM and
LDA for classification [27]. Li et al. were second in the
competition by % 25.1 (S1=% 31.1, S2=% 19.2) accuracy rate.
They used a 8 Hz low pass filter to filter the signal. They selected
the time segment between 0-0.5 s. Then, they used principal
components (first three and five) of the abs and angle of the 128
fast Fourier transform of each channel and each sample for feature
vector. They reduce the dimension of the frequency features by
using FDA and subsampled the signal to 20 Hz. They also used
the combination of time and frequency features for the Fisher
discriminant classification [28]. Montazeri and Shamsollahi
composed a feature set consisted of statistical, temporal,
parametric and Wavelet coefficients and they reduced it set by
principal component analysis and a genetic algorithm. They used
a linear SVM classifier. They achieved % 23.9 (S1=% 16.2, S2=%
31.5) accuracy rate [28]. Wang and Zhang first applied a 8 Hz low
pass filter to the signal. Secondly, They selected 0-0.5 second time
segment. Third, they used principal components (first three and
five ) of the abs and angle of the 128 fast Fourier transform of
each channel and each sample. Then, they applied Fisher
Discriminant Analysis to reduce dimensionality. Finally, they
used frequency features in the classification. They achieved %
20.4 (S1=% 23.0, S2=% 17.8) accuracy rate [28].

In order to test performance of the proposed method, feature
vectors calculated by two different feature extraction methods
such as classical Wavelet coefficients and the proposed Signal
Path Slope (SPS) feature extraction approach were classified with
linear SVM classifier. The results were presented comparatively.

The SPS method segments the EEG signals and calculates
slopes for each segments. The feature vectors have only one slope
feature for each signal segment. Therefore, the method has low
computational complexity with a low-dimensional feature vector.
As a result, it is achieved successful classification results by the
proposed SPS method for MEG dataset. In the tests performed
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using the MEG dataset, the highest classification accuracies of %
67.74 for subject-1 and % 49.27 for subject-2 are obtained for both
subjects.

2. Material and Method

2.1. Datasets
In order to test the proposed methods in this study, it is used
dataset which are dataset-3 consisting of

Magnetoencephalography (MEG) signals in BCI competition IV.
2.1.1. MEG Dataset

The dataset which were provided as dataset-3 in BCI
competition 1V is used in this study. The dataset was recorded
from two healty subjects by using ten MEG channels which were
located above the motor areas. During the experiment, a subject
had to perform wrist movements in four directions in the
horizontal plane with corners pointing left, right, away from and
toward the subject's body. All recordings were performed with a
sampling rate of 625 Hz. The trials were cut to contain data from
0.4 s before to 0.6 s after movement onset and the signals were
band pass filtered (0.5 to 100 Hz) and resampled at 400 Hz. The
participants were tried to predict the class labels for unlabeled
evulation data which were comprised of 74 and 73 trials for
subject-1 and subject-2 respectively using the labelled training
data which included 40 trials per class for each subject. The
highest classification success was demonstrated % 46.9 (S1=%
59.5, S2=% 34.3) accuracy rate by Sardouie and Shamsollahi from
Sharif University [27,28].

First, we examined the average of training data given with
MEG dataset in time domain to observe the time pattern of each
classes. The average of training data given MEG dataset for
subject-1 are given for each classes in Figure 1.

To analyze the differencies of classes, we applied 5th-order
S-G filter which has different FL's to the average of training data
for each class. The FL represents the frame length of the S-G
filter. For example the S-G filter outputs of the average training
data of class-1 for subject-1 are presented In Figure 2. The FL is
selected as 31, 81, 171 and 341 respectively in Figure 2.
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Figure 1. The average of training data given MEG dataset for
subject-1.(channel number=4).
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Figure 2. The S-G filter outputs of the average training data of
class-1 for subject-1. (channel number= 4).

As seen in Figure 2, the optimum S-G filter frame length is
determined as 171. The S-G- filter output with selected frame
length shows maximum consistency with the original signal. The
S-G filter outputs of the average training data of subject-1 are
given for each class in Figure 3.
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Figure 3. The S-G filter outputs of the average training data of
subject-1 for each class. (FL= 171).

Starting from this point, the S-G filter outputs of the trials in
the relevant dataset are segmented and the feature vectors used in
the classification are calculated from each segment. To detection
of number of the signal segments, number of the abrupt slope
changes in the filtered signal average of all classes are detected.
For this we used "findchangepts" command in Matlab. In this
way, it is determined number of the signal segments. For average
of the all classes, abrupt slope changings of the MEG dataset are
given by Figure 4.
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Figure 4. The detection of number of the signal segments.

2.2. Feature Extraction

To compare proposed method, another classical feature
extraction approach based on Wavelet transform is also used. In
both of the methods, in order to obtain the distinctive features of
the pattern in the time domain, the trial signals are segmented and
feature vectors are extracted with the calculated features from
each part of the signal

2.2.1. Signal Path Wavelet (SPW)

This feature extraction methos is based on Wavelet Transform
(WT), which is a technique that allows to model variations in EEG
signals, within the scale time domain. This transformation method
is widely applied in science and engineering fields for solving
various real life problems.In the SPW method, the WT is used to
extract features used in classification from signal segments. The
WT preserve time and frequency characteristics of the signal. The
WT represents a signal as a weighted sum of shifted and scaled
versions of a Wavelet function. The ¥ and WC represents the
Wavelet function and WT Coefficients in Equation 1 respectively.

+ oo
WC(Scale,Position)f x(t)yY(Scale, Position(t)dt) (1)

When the scales and shifts of the WT are selected with the
base equal to 2, the tranform is called as Discrete Wavelet
Transform (DWT) which much more effective. The DWT is given
by Equation 2. [2, 3].

DWTG,1) = 5, 5 x(D2 527 in — 1) @)

The DWT coefficients are calculated from 6th order
transform which is used Daubechies Wavelet function. Each trial
of signal divided eight parts and this transforms applied to the all
parts of the signal separately. With this method, DWT is applied
to sequential time segments of the signal and the features such as
mean, standard deviation and numerical integration are calculated
from Wavelet coefficients. Equation 3 is used to calculate
numerical integration [29].

[7S(®)dt =3 (b — a)(S(a) + S(b)) 3)

By Figure 5, the Wavelet coefficients applied to each segment
of signal are given and coefficients used in calculations
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highlighted. These coefficients are selected considering the
frequency band of the EEG signals. Each signal segments
corresponds to 50 points (Fs = 400 Hz ). An example training
signal segmented for subject-1 of MEG dataset is given by Figure
6. The S represents second segment. The feature vector is
generated with 24 (8x3) features calculated from each signal
segment for a channel. 8 Wavelet coefficients in the EEG
frequency band were used in the calculations.
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Figure 5. The DWT levels of the MEG dataset.(Fs=400 Hz)
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Figure 6. The signal segments of SPW on MEG dataset. (Trial
4 on channel 6 for class 3).

2.2.2. Signal Path Slope (SPS)

The proposed method is inspired by the pattern of the signal
in time domain. Differently from the previous method, the signal
is filtered by Savitzky Golay (S-G) filter to make the path of the
signal more prominent in time domain. The S-G filter is a finite
impulse response smoothing filter which is also known as
polynomial-smoothing, or least-squares-smoothing filter [25].
The S-G filter works by differentiation of a moving window of
least squares polynomial fit using a table of convolution
coefficients [30]. The Equation 4 defines the general filter
equation according to the S-G filter. The particular behavior of the
filter can be incfluenced by chosing appropriate filter coefficients.
The parameter m defines the number of data points used for the
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smoothing. The C; represent any set of convoluting integers and h
is the number of convoluting integers. The C; and h values can
obtain from table of convolution coefficients [25, 30].

m—1

¥y =1/RY ? . CYjn 4)

j=— ——

2

The S-G filters are widely used to smoothing and
differentiation in psychophysiological signal processing [31-34].
Figure 7 and Figure 8 a, b, c, and d presents the mean of class 1,
class 2, class 3, and class 4 in the MEG dataset of subject-1 and
subject-2 for channel 4, respectively. The high frequency blue and
red lines in the figure show the averages of the training and test
data and the low frequency yellow and purple lines show the S-G
filter outputs of these data. In Figure 7 and Figure 8, it is clear
that, the average of the training and test trials exhibits a similar
pattern for each class.

In the proposed method, differently from the literature, we
determined the time path of the EEG by a S-G smoothing filter
designed which has with optimal Frame Length (FL). The FL has
to be odd number for S-G filters [25]. For proposed SPS feature
extraction method, the S-G filter level and FL are selected as 5
and 171 respectively. The slope ratio which used in many
engineering fields such as fingerprint detection and face
recognition studies [35, 36] in the literature, characterizes the
direction of a line. Therefore, the feature vectors are extracted by
calculating the slope of each sequential time segments of the
smoothed signal. The feature vector is generated with only 1
features calculated from each signal segment for a channel. The
proposed SPS method flow diagram is given in Figure 9. By the
Figure 10, sample trial signal, filtered signal, signal segments and
the slope of lines are illusturated.

Amplitude (4V)

Time (s)
Figure 7. Training and test averages of MEG dataset for
subject-1, channel 4.
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Amplitude (pV)

Time (s)

Figure 8. Training and test averages of MEG dataset for
subject-2, channel 4.

§=02 —y1)/(x2 = x1) (®)

The calculation of the slope for line given its two points is
given by Equation 5. The S represents the slope, (X1, V1) are the
x-y components of the first point and (x;, y,) are the x-y
components of the second point [37]. By Equation 5, the path of
the signal over time is transferred to the feature vector by
calculating the slope of each signal segment. This path has
distinctive features for all classes in the dataset.

Segmentation

Calculating slopes of all
‘ segments

’

Feature Vector

Figure 9. Slope features of the time segments.
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Figure 10. The slope of signal segments for subject-1, channel
3 and trial 20.

2.3. Channel Selection

In order to determine the effective channel subsets for
classification, the labeled training data were divided into two
groups as % 90 pre-training and % 10 pre-test data. Practically,
optimal channel subsets were determined with the Cohen’s Kappa
coefficient [26], which is a statistical method that measures the
reliability of the classification according to the pre-test data
classification estimation success of an SVM classifier trained.
Figure 11 is shown the flow diagram for calculating of optimal
channel subsets.

As seen from Figure 11, first, all possible channel subsets were
calculated and these channel subsets were classified with SVM
classifier. The pre-training and pre-test success obtained from
each classification result are called TRS and TES, respectively. A
successful channel subset in classification requires a high degree
of classification success. Therefore, it is expected that the
maksimum Kappa is obtained for channel subset used in the
classification. If the number of classification with the maximum
Kappa is greater than 1, the channel subset of the classification
which has the largest TS (TS = TRS + TES) select in maximum
Kappa’s.
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Figure 11. Flow diagram for determining optimal channel
subsets.

3. Classification

3.1. Support Vector Machine Classifier

The Support Vector Machine (SVM) is state-of-the-art
classification technique which used widely in digital signal
processing [38]. The training data is given by Equation 6. x(7)€
R%,y; € —1,+1 and drepresents feature vector, class labels and
dimension respectively.

(xl; yl)l (xZJ yZ)t (xkl yk) (6)

When we think about the separating of the training data into
two class, the optimal hyper plane (w * x + b = 0) in a space
which seperates the two class is the one which maximizes the
margin. The f{p) determines that the p belongs to which class by
optimal wand b values [15, 16].

f®) =sgn(W,p) + b (7)

4. Expeimental Results

Using the extracted feature vectors and detected channel
subsets, % 90 of the labelled training data is used to train SVM
classifier. The unlabeled evaluation dataset which consist 74 and
73 trials for subject-1 and subject-2 respectively, is classified by
feature vectors obtained by SPW and SPS feature extraction
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methods. The classification results by using the SPW feature
extraction method are given in Table 1 and Table 2 for subject-1
and subject-2. The columns of the tables show the channel subsets
and training accuracies, test accuracies, test Kappa coefficients,
evaluation accuracies and evaluation Kappa coefficients of the

classifications obtained with these channel subsets. The rows with
the highest classification accuracies are highlighted. It is achieved
% 49.17 for subject-1 and % 40.19 for subject-2 an evaluation
accuracy by using the feature extraction method with Wavelet and
proposed channel selection approach.

Table 1. Subject-1 Classification Results With Wavelet Features of Signal Segments.

Channel Subset Training Acc. % Test Ace. % Test Kappa Eval. Acc. % Eval. Kappa
7,8 40.28 50.00 0.33 33.21 0.11
1,49 38.89 56.25 0.42 42.14 0.23
1,4,9,10 37.50 50.00 033 43.10 023
1,4,6,9,10 34.03 56.25 0.42 39.52 0.21
2,4,7,8,9,10 45.83 56.25 0.42 45.60 0.27
3,4,6,7,8,9,10 43.06 62.50 0.50 49.17 0.31
1,3,4,6,7,8,9,10 40.28 56.25 0.42 44.88 0.25
1,3,4,5,6,7,8,9,10 39.58 43.75 0.25 49.17 0.30
1,2,3,4,5,6,7,8,9,10 45.14 31.25 0.08 43.10 0.22
Table 2. Subject-2 Classification Results With Wavelet Features of Signal Segments.
Channel Subset Training Acc. % Test Acc. % Test Kappa Eval. Acc. % Eval. Kappa
6,10 24.31 68.75 0.58 27.49 0.04
4,7,10 23.61 62.50 0.50 29.99 0.07
1,4,6,10 30.56 68.75 0.58 40.19 0.19
2,4,6,7,10 29.17 62.50 0.50 38.38 0.16
1,4,5,6,8,9 24.31 68.75 0.58 42.74 0.22
1,4,5,6,8,9,10 18.75 62.50 0.50 44.13 0.24
1,4,5,6,7,8,9,10 28.47 62.50 0.50 39.00 0.18
1,2,3,4,6,7,8,9,10 25.00 56.25 0.42 41.36 0.20
1,2,3,4,5,6,7,8,9,10 25.00 50.00 0.33 36.49 0.15

The classification results by feature vector obtained by using
the proposed SPS method are given in Table 3. and Table 4. for
subject-1 and subject-2. By using SPS feature vector extraction
methods which produce a low dimensional feature vector, the
highest classification accuracies are achieved % 67.74 for
subject-1 and % 49.27 for subject-2 respectively. The Kappa
coefficients are also calculated as 0.58 and 0.30 values which
represents a medium and above harmony for these classifications.

The significant increase in the success for both subjects shows the
consistency of the proposed SPS feature extraction method. When
Table 3 and Table 4 examine it is observed that the classification
performances of subject-1 and subject-2 are increased with
channel subset (2,4,7) and (1,2,3,4,5,6,9). This can indicate that a
motor imagery task coded in different parts for the brain for
different subjects.

Table 3. Subject-1 Classification Results With The Slope of Signal Segments.

Channel Subset Training Acc. % Test Acc. % Test Kappa Eval. Acc. % Eval. Kappa
4,7 53.47 68.75 0.58 55.48 0.39
2,4,7 56.25 75.00 0.67 67.74 0.53
3,4,6,7 48.62 87.50 0.83 61.79 0.46
1,4,6,7,9 59.72 87.50 0.83 56.67 0.39
1,2,4,6,7,9 55.56 87.50 0.83 58.45 0.42
2,3,4,5,6,9,10 60.42 81.25 0.75 49.88 0.30
1,2,3,4,5,6,7,9 55.56 81.25 0.75 63.45 0.46
1,2,3,4,5,6,7,9,10 53.47 75.00 0.67 50.71 0.31
1,2,3,4,5,6,7,8,9,10 60.42 62.50 0.50 51.67 0.31
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Table 4. Subject-1 Classification Results With The Slope of Signal Segments.

Channel Subset Training Acc. % Test Acc. % Test Kappa Eval. Acc. % Eval. Kappa
8,9 44.44 43.75 0.25 35.80 0.14
6,8,10 41.67 50.00 0.33 33.37 0.10
1,3,6,9 35.42 68.75 0.58 40.46 0.21
3,6,8,9,10 40.28 62.50 0.50 28.03 0.04
1,2,3,6,8,10 36.81 62.50 0.50 32.82 0.11
1,2,3,4,5,6,9 37.50 56.25 0.42 49.27 0.30
1,2,3,5,6,8,9,10 37.50 62.50 0.50 42.12 0.20
2,3,4,5,6,7,8,9,10 40.28 50.00 0.33 40.66 0.18
1,2,3.,4,5,6,7,8,9,10 38.19 50.00 0.33 37.76 0.14

Table 5 demonstrates the comparison of the overall accuracy
between existing studies and our study. The highest accuracy of
the dataset-3 is achieved by our proposed SPS feature extration
method.

Table 5. Comparison of Overall Accuracy Between Existing

Studies And Our Study
S1 S2 Average
Participants Ace. | Acec. Ace. %
% %
Sardouie and Shamsollahi 59.50 | 34.30 46.90
Lietal 31.10 | 19.20 25.10
Montazeri and Shamsollahi 16.20 | 31.50 23.90
Wang and Zhang 23.00 | 17.80 20.40
Our study 67.74 | 49.27 58.51

5. Conclusion

In this study, novel and practical methods are proposed for
determining the distinctive features and detecting effective
channel subsets in the multi channel classification systems such
as EEG. The feature vectors obtained by using the proposed
methods were classified for each method with the Support Vector
Machine classifier. The classification results of the proposed
methods are given comparatively. By using proposed Signal Path
Slope (SPS) feature extraction method based on the Savitzky
Golay (S-G) filter, the highest classification accuracies of % 67.74
and % 49.27 for subject-1 and subject-2 respectively were
achieved above the competition results. The Kappa coefficients
are also calculated as 0.53 and 0.30 values which represents a
medium and above harmony for these classifications. The
classification accuracies achieved in the study are increased by %
8.24 for subject-1 and % 14.97 for subject-2 when compared
average of the competition results. The significant increase in the
success for both subjects shows the consistency of the proposed
methods. The another efficacy of the proposed SPS approach is
reducing the dimensionality of the feature vectors. The feature
vector was generated with only slope feature calculated from each
signal segment for a channel. On the other hand, the classification
performance of subject-1 and subject-2 are increased with
different channel subsets. This can indicate that a motor imagery
task coded in different parts for the brain for different subjects. By
this study, it was observed that there was a subject-specific signal

e-ISSN: 2148-2683

pattern related to motor imagery tasks in the brain. This pattern
was successfully classified by using the proposed methods.
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