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Abstract: A 1-dimensional (1D) and 2-dimensional (2D) biomedical signal analysis based on the Discrete Cosine Transform (DCT) feature
extraction method was performed to diagnose epilepsy disorders with high accuracy. For this purpose, Electroencephalogram (EEG) data
were used for 1D signal analysis and Magnetic Resonance Imaging (MRI) data were used for 2D signal analysis. The feature vectors were
obtained by applying 1D DCT together with statistical methods such as mean, variance, standard deviation, kurtosis, and skewness for EEG
data and by applying 2D DCT together with the statistical method of mean for MRI data. The most useful features were selected by applying
Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA), Forward Selection and Backward Selection methods to the
obtained feature vectors. Using EEG stand-alone features, MRI stand-alone features and EEG-MRI fused features, the classification of
healthy and epileptic subjects was performed in the form of two clusters. The result of epilepsy classification in this work is 96% success of
1D EEG data by using the features selected by the PCA method, 94% success of 2D MRI data using the selected features by applying the
Forward Method, 100% classification accuracy of 1D EEG and 2D MRI datasets by LDA method using the obtained fused features . The
article shows that the fused features of EEG-MRI can be used very effectively for the diagnosis of epilepsy.
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1. INTRODUCTION kurtosis, and skewness values of the signal by applying the
DWT to the EEG data, created a separation tree and classified
epileptic patients using the Probabilistic Neural Networks
algorithm [6]. Krishnaveni et al. separated the artifacts
contained in the EEG signals using the ICA method and
classified them using the Polynomial Neural Network (PNN)
and Advanced Propagation Neural Network methods [7].
MRI studies: Loyek et al. developed a model for focal
prediction in detecting lesioned tissues and examined MRI
data from epilepsy patients using SVM for focal lesion
segmentation and tissue-based classification [8]. Clarke et al.
proposed a segmentation method using the Fuzzy C-Means
algorithm to identify abnormal MRI volumes [9]. Sujitha et
al. modeled the prediction of epileptic seizures from MRI
using SVM [10]-[12].

The Discrete Cosine Transform (DCT) is a method for
converting the frequency of time series into fundamental
frequency components [11]. This method is often used for

Epilepsy is one of the most common neurological diseases
of the brain. Numerous diagnostic tests are used to identify
the type of epileptic seizure [1]. These include
Electroencephalogram (EEG), Computed Tomography (CT),
Magnetic Resonance Imaging (MRI) and Positron Emission
Tomography (PET). From 1982 to the present day, many
studies have been carried out to diagnose epilepsy. Anderson
and Sijercic trained EEG data with a feed-forward neural
network using the Auto-Regressive (AR) model [2]. Kalayci
and Ozdamar classified EEG data with Artificial Neural
Networks (ANN) using the Wavelet Transform (WT) [3].
Subasi and Gursoy split EEG signals into subbands using the
Discrete Wavelet Transform (DWT); they reduced the data
size by applying Principal Component Analysis (PCA),
Independent Component Analysis (ICA) and Linear
Discriminant Analysis (LDA) methods and classified them
using Support Vector Machines (SVM) [4].

Ogulata et al. have classified epileptic seizures with Multi-
Layer Perceptron (MLP) from EEG signals [5]. Gandhi et al.
calculated the energy, entropy, standard deviation, mean,
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data compression. DCT was previously used by Martius et al.
[11] for audio image compression and has by Ortowski [12]
for signal filtering. Sharif and Jafari obtained the feature
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space by Genetic Algorithm (GA) and Shannon Entropy (SE)
calculation and then tested the sensitivity with Gaussian
RBF-SVM by selecting features with PCA [13].

Mutlu classified EEG signals with a least-squares support
vector machine for epileptic seizure detection based on
Hilbert Vibrational Discrimination (HVD) [14]. Kaleem et al.
present a novel patient-specific approach for seizure detection
using wavelet decomposition of multi-channel EEG data and
handcrafted features from the decomposed data [15]. Gupta
and Pachori proposed a new method for classification of
epileptic seizures based on Weighted Multiscale Renyi
Permutation Entropy (WMRPE) and rhythms obtained using
the Fourier-Bessel Series Expansion (FBSE) of EEG signals
[16]. Serna et al. Taylor-Fourier classified seizures based on
EEG-band energy features using classifiers such as K-Nearest
Neighbor (KNN) and the Least-Squares Support Vector
Machine (LS-SVM) [17].

1-dimensional (1D) and 2-dimensional (2D) biomedical
signal analysis based on the DCT feature extraction method
was performed to diagnose epilepsy with high-accuracy. For
the diagnosis of epilepsy, EEG data were used for 1D signal
analysis and MRI data for 2D signal analysis. Subsequently,
a new approach based on the fusion of features from EEG-
MRI data was proposed as a high-accuracy solution to the
problem of epilepsy classification. The 2™ section of the
study highlights EEG analysis, the 3 section highlights MRI
analysis and the 4™ section highlights the new approach,
EEG-MRI Fusion of Features.

2. EEGANALYSIS

The EEG is a test in which the electrical activity in the
brain is measured via electrodes attached to the scalp. The
EEG is used to diagnose certain diseases that affect the brain.
Epilepsy is the most common one. There are many steps from
obtaining the EEG data to classifying it. Classification is
about whether the person has epilepsy based on the EEG data.

A. Materials

The Neurofax EEG-1000 was used to record the EEGs of
the patients diagnosed with epilepsy in the Neurology
Department of Bolu Abant-lzzet Baysal University Hospital
in Bolu. In total, the EEG data of 88 epilepsy patients and 40
healthy individuals were recorded. The EEG cap has 16
channels. The recording takes an average of 18 minutes for
each patient. The computer system used for the application is
an Intel (R) Core (TM) i5-4210U CPU 1.70 GHz, x64 based
processor.

B. Method

The EEG data is read out with the Nihon Kohden EEG-
1000 fax program, the software of the EEG device. Fig. 1
shows the stages of the EEG from the analysis of the first raw
data input to the classification step.

Input Raw Data Data .m00 output
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Fig. 1. The flow chart shows steps regarding EEG data analysis
from EEG acquisition to data classification.

C. Raw data input and output

The raw data was uploaded to the computer using the EEG
reading program Nihon Kohden EEG-1000. Raw data
consists of both brain signals and artifacts, such as seizures,
contractions, eye movements, swallowing, coughing, and
body movements. Fig. 2 shows the transfer of the data to the
tool. This tool has been prepared to read data in .m0O0 format.

Fig. 2. Nihon Kohden tool.

D. Pre-processing

The EEGLab14 1 2b program was used to examine and
pre-process the EEG data and remove artifacts. The data then
went through many stages such as feature extraction,
selection and classification.

1. Data reading

The plugin 1.1.0 from Nihon Kohden is added to EEGLab
to solve this problem (due to the unsupported data format).
The EEG data (.m00 format) was transferred to the system
via the EEGLab installed plugin. The 16-channel EEG signal
received in the system was terminated in 1080 seconds with
a transfer rate of 200 Hz in a matrix of 16x21600, and the size
of the data set was determined to be 15.6 Mb.

2. Filtering

When raw data is read, this data also contains unwanted
noise. A high-pass filter with a value between 0.5 — 1 Hz was
applied. In the study, the unwanted noise contained the raw
data is removed by a high-pass filter when the data is read.
The noise is removed from the data using the filter.
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3. Channel cleaning

As the filtered data was limited to the frequency values
specified for each channel, the sections outside this limitation
were cleaned by removing the data.

4. Data cleaning

When raw data is read, there are unwanted artifacts in this
data. These artificial effects are the involuntary movements
of the person during physical processes such as eye blinking,
eye movements, body movements, swallowing, coughing,
contractions, seizures. To remove the noise in the channels,
you must first calculate the distances. In the EEGLab
program, this distance calculation is important for the interval
in which the artifact begins and ends. As a result of this
calculation, the artifacts caused by movements on the
channels were made visible and deleted manually.

5. Determination of channel locations

EEGLab has various channel layouts that differ in the
number of channels of the EEG cap, e.g., 19, 25, 33, 47, 81.
In EEGLab, the 19-channel layouts that come closest to our
data are read into the system. Since the Fz, Cz and Pz channel
data in the 19-channel system do not match the channel
coordinates, the 16 channels are obtained by subtraction from
the standard channel layout.

E. Artifact cleaning

ICA is the most commonly used method for removing
artifacts that occur on single channels. The ICA method
enables better detection of artifacts in pre-processing. The
ICA method is also useful in detecting muscle artifacts in
disintegrated components, Delorme et al. [18].

X=A4S - § =wXx (1)

By decoupling this unnecessary information with the ICA
method, artificial factors in the data were reduced. S in (1)
denotes the original statistical source mark; A shows the
combined matrix of MxM. W, calculated by the inverse of the
matrix A, enables the separation of the signals.

F. Feature extraction
Feature extraction methods are needed to reduce data size.

1. 1D Discrete Cosine Transform (DCT)

The raw data were pre-processed by filtering and channel
cleaning, and then the feature was extracted by applying 1D
DCT (2) to the 16-channel brain signal. In (2), u is the EEG
signal value and N is the signal length.
n(2x+1)u]

F(w) = C(u) ZN24 £ (x) cos [ 2)

Uptou=01,... N-1

1
u = 0 when C(u) =\/;

u # 0 when C(u) =\/%

2. Statistical feature extraction

Statistical methods such as mean, variance, standard
deviation, skewness and kurtosis were used for feature
extraction. Various feature extractions were performed by
applying these methods to EEG signals, Chandaka et al. [21].

a. Mean: is the basic statistical quantity and is calculated
using the following equation, where i =1,2,3,...and D is
the signal.

1 ..
wi =~ X1 Dij ®)

b. Variance: is obtained by taking the standard deviation
squared.

9 = g? 4)

c. Standard deviation: is the mean value of the EEG signal
and is calculated using the equation, where D is the
signal and N is the number of samples. u is the square
root of the variance.

1
o= |=ZiLiDi —w)? ®)
d. Kurtosis: measures the height of the Probability Density
Function (PDF) of the time series.

k =20)

e. Skewness: represents the PDF symmetry of the
amplitude of the time series.

_ Ex-w* )

o4

The statistical properties of the DCT coefficients were
extracted. In the study, the 1x206900 matrix at time t is not
calculated for the entire signal of a channel, but the time is
subsampled by 4. Feature extraction was performed by
shifting the 60-second window over the EEG signal in 15-
second increments. If the calculations are performed at 4
different time points for each channel, 64 features are
extracted for 16 channels. For each statistical feature
extraction, 64 features are obtained.

G. Feature selection

The DCT coefficients of the EEG data were extracted and
t (time) was divided into 4 parts, and the statistical
calculations were performed in separate sections. As a result
of each statistical calculation, 64 features were extracted. As
one feature, a total of 320 features were obtained from a total
of 1 sample, including 64 means, 64 variances, 64 standard
deviations, 64 skewness values, and 64 kurtosis values. The
algorithms PCA, LDA [4], Forward Selection and Backward
Selection were implemented. PCA helps to manage high-
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dimensional data sets by extracting essential information and
discarding less relevant features, which simplifies the
analysis. PCA performs a linear transformation of the data
and searches for directions with maximum variance. The
principal components are ranked according to the variance
they explain, enabling effective feature selection. LDA is
used to find a linear combination of features that characterizes
or separates two or more classes of a categorical variable.
Forward Selection is an iterative method where we start with
having no feature in the model. In each iteration, we add the
feature that best improves our model until adding a new
variable no longer improves the performance of the model. In
backward elimination, we start with all features and at each
iteration we remove the least significant feature that improves
the model’s performance. We repeat this until no more
improvement can be observed by removing features.

H. Classification

In Tanagra (data mining tool), classification was
performed by using the Tutorial Learning Methods ANN,
SVM and KNN. The purpose of classification is whether the
EEG signal indicates epilepsy or health. The classification
results were compared with the results obtained using each of
the feature selection methods. The EEG signal was used as
input for classification after undergoing certain pre-
processing, feature extraction and selection. The ANN
architecture was developed using middleware. The network
system consists of an information input (64 features), a
hidden layer (number of neurons 20) and an output layer
(healthy-epileptic). SVM is a classifier to create hyperplanes
that maximize the distance to the nearest training set. The
kernel method was set as Radial Based Function (RBF) and
our model was created. KNN is a simple model that assigns a
feature vector to a class relative to its nearest neighbor. The
Euclidean distance measure was used to calculate the distance
between the input data point and all training data. 70% of the
dataset was used for training, 30% was also used for testing.
A 9-layer cross-validation method was applied to the data. In
the architecture thus prepared, the data is trained separately
according to the data results in different feature selections and
the results are shown in Table 1.

Table 1. Different classification algorithms' overall accuracy
according to feature selection methods of EEG data.
Method ANN SVM KNN
PCA 95% 81% 81%
LDA 92% 83% 84%
Forward Selection 86% 81% 83%
Backward Selection  91% 81% 82%

Consequently, it was found that selected feature vectors
using PCA increased the percentage of accuracy in
classification. The high success rate of classification using
ANN is shown in Table 1. It is evident form this study that
the classifications performed in the literature with ANN
have a higher success rate compared to other classification
algorithms, Kumar et al. [22].

3. MRI ANALYSIS

MRI is one of the most useful imaging techniques for
detecting a symptom that causes epilepsy in the brain.

A. Materials

MRI data were obtained from the Radiology Department
of Bolu Abant-lzzet Baysal University Hospital. The MRI
images acquired with the 1.5 Siemens Magnetom Symphony
scanner included 88 MRIs of epilepsy patients and 40 of
healthy individuals. A total of 115t2_tse tra 512 MRI slices
were used for the epilepsy classification method.

B. Method

The steps of the MRI data from the first reading section to
the classification step are shown in Fig. 3.

MRI Reading » Segmentation p| Pre-processing
A 4
Classification l¢—| Feature Selection |g—| Feature Extraction
Fig. 3. Flow chart of EEG data.
C. MRI reading

MRI data in Dicom format is read in Matlab. The MRI
consists of a 384x306 matrix.

D. Segmentation

The purpose of image segmentation is to summarize pixels
according to image regions, separate surfaces, or objects. The
Region-Based segmentation method was used in the study.
This method is based on the logic that neighboring pixels are
clustered according to common density values. The purpose
of this algorithm is to group the regions anatomically and
according to their functions, Gumaste and Jadhav [23]. Fig. 4
and Fig. 5 show the original and the segmented MRI.

Fig. 4. Original MRI.
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Fig. 5. Segmentation [24].

E. Pre-processing

Certain pre-processing was performed on the segmented
MRI data. The matrices obtained as a result of the
segmentation are transformed to 240x240 and resized.
Dimensional MRI matrices are values ranging from 0 to 999,
which were then converted to normalized values between 0
and 1.

F. Feature extraction

In pattern recognition, feature extraction methods are
needed to reduce the size of the pattern. These methods are
mathematical functions that perform feature extraction and
selection. New features were extracted from MRI images by
the hybrid use of DCT and Arithmetic Mean methods, the
transformed structural feature extraction methods known in
the literature, Meyer-Bise [25].

1. 2D Discrete Cosine Transform (DCT)

DCT is particularly useful for easy and fast feature
extraction from large data sets. It also plays a vital role in
image compression. After pre-processing, segmentation and
normalization of the MRI data, the 2D (3) was applied and
feature extraction was performed. In (8), u, v is the value of
the MRI matrix and N, M is the length of the matrix.

N-1M-1 2 1 2 1
F(u,v) = C(w)C(v) Z Z f(x,y) cos [n( x21-\|]- )u] cos [ﬂ( yZI:l— )v]
x=0 y=0
Uptou=01,..N-1v=01,.M—-1 (8)

1
u,v = 0 when C(u), C(v) =\/;

2
u,v # 0 when C(u), C(v) =\/;

2. Arithmetic mean

The mean is calculated by dividing the sum of all elements
in the series by the number of elements in the series. The
arithmetic mean is also referred to as the "mean" by
Abramowitz and Stegun [26].

3. 2D DCT mean

This method consists of using the aforementioned two
methods as a hybrid. The size of the obtained DCT
coefficients is 240x240 pixels. The pixels are divided
vertically and horizontally into eight equal, small parts. This
results in 64 subsections. The size of each subsection is 30x30
pixels. The arithmetic mean is calculated for each subsection.
Thus, the size of the new feature vector is 64 as described by
Demirezen-Yagmur and Sertbas [24].

G. Feature selection

The feature vector extracted using the DCT_mean method
is 64. The PCA, LDA, Forward Selection and Backward
Selection algorithms were applied to select the most
compelling feature.

H. Classification

The classification settings for EEG data also apply to MRI
data. The data was trained separately according to the results
of the different feature selections and the results are shown in
Table 2.

Table 2. Different classification algorithm validation results
according to the feature selection methods of the MRI data.
Method ANN SVM KNN
PCA 90% 81% 81%
LDA 81% 81% 82%
Forward Selection 81% 81% 83%
Backward Selection  81% 81% 81%

The success of the feature vectors selected by the PCA
method in classification is therefore high. The added metric
was needed because other recall and precision metric values
were very close to each other. If such metric values are
critical, the Fi-score metric result is also examined. The PCA
method Backward Selection is shown in Table 5.

4. EEG-MRI FEATURES FUSION APPROACH

A new set of features is created by combining biomedical
signals of different sizes. This feature vector consists of a
combination of 1D EEG and 2D MRI features of one and the
same person.

A. Material

After applying the 1D DCT with Mean method to EEG
data, 64 features were obtained. Similarly, 64 features were
obtained after applying the Mean method with 2D DCT on
MRI data. In the application, 1D and 2D biomedical signals
of different sizes are fused, and a total of 128 feature data are
obtained. A vector of 128 data features contains both EEG
and MRI features. In our study, a 128-feature data set was
obtained form 128 samples.

B. Method

The combination of EEG and MRI data, the feature
selection and the classification flowchart are shown in Fig. 6.
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Fig. 6. EEG-MRI combination flow.

C. Feature selection

The feature vector formed using the combination of EEG
and MRI is 128. The PCA, LDA, Forward Selection and
Backward Selection algorithms are used to increase the
accuracy of these feature vectors.

D. Classification

The classification settings for EEG and MRI also apply to
the EEG-MRI combination. The data was trained separately
according to the results of the different feature selections and
the results are shown in Table 3.

Table 3. Different classification algorithm validation results
according to feature selection methods of EEG-MRI feature fusion.

Method ANN SVM KNN
PCA 96% 87% 84%
LDA 100% 81% 84%
Forward Selection 99% 83% 85%
Backward Selection  97% 90% 83%

5. CONCLUSION AND DISCUSSION

In this article, high-precision diagnosis of epilepsy is
realized by 1D and 2D biomedical signal analysis based on
the DCT feature extraction method.

In the study, artificial factors were removed by performing
certain pre-processing on the EEG data obtained from Bolu
Abant-1zzet Baysal University Faculty of Medicine
Department of Neurology, and the data was classified using
various algorithms. The 1D EEG data were selected using
various feature selection methods. Among the methods listed
in Table 4, the most successful classification accuracy of 95%
was obtained by ANN using the features selected by PCA. In
the results of the F;-score metric (Table 5), the other analysis
of classification estimation, the success of the ANN and the
KNN method was higher.

Table 4. Accuracy results.

Method ANN SVM KNN
EEG 95% 83% 84%
MRI 90% 81% 83%
EEG-MRI 100% 90% 85%

The second important factor in the diagnosis of epilepsy is
the 2D MRI data of the patients. This data is used to find
conditions that cause epilepsy in the brain. In our study, the
MRI data was segmented, certain pre-processing was
performed and classified as Epileptic/Healthy. The 2D MRI
data was selected using different feature selection methods
shown in Table 4. Among these methods, the most successful
classification accuracy of 90% was achieved by using the
features selected by the PCA method. The Fi-score metric
(Table 5), the other analysis of classification estimation, was
more successful with ANN.

Table 5. Fi-score results.

Method ANN SVM KNN
EEG 96% 90% 96%
MRI 96% 89% 90%
EEG-MRI 100% 94% 90%

In our study, it was claimed that the combination of EEG
and MRI features is more effective in the diagnosis of
epilepsy. As can be seen from the results of our application,
100% accuracy (Table4) and Fi-score (Table5) were
obtained by applying LDA to the data set obtained from the
EEG-MRI feature fusions. As shown in the results of our
application, by applying LDA (to the data set obtained from
the EEG-MRI feature fusions), 100% validation of the
selected features (Table 4) and Fi-score (Table 5) were
obtained. Many studies have been carried out in the literature
on the use of EEG data in the diagnosis of epilepsy. The most
recent studies are summarized and compared in Table 6.

Table 6. Classification comparison of data in recent years.

Researcher Feature  Classifier Result
Extraction
Sharif and Jafari [13] GA-SE RBF-SVM 91.8%
Mutlu [14] HVD* LS-SVM 97.6%
Kaleem et al. [15] DWT SVM, KNN  99.6%
Gupta et al. [27] DCT SVM 97.7%
Gupta and Pachori [16] WMRP*  LS-SVM, RF* 97.3%
Serna et al. [17] TF* LS-SVM 96.7%
Deivasigamani [28] CWT* ANFIS* 96.7%
Current study DCT ANN, SVM,  100%
KNN

Note: * RF: Random Forest, TF: Taylor Fourier, CWT: Continuous Wavelet
Transform, ANFIS: Adaptive Neuro Fuzzy Inference System.

6. FINAL RESULT

Various feature extraction methods and classifiers were
used in the studies. This resulted in high performance. In the
study with DCT, the highest success rate so far was 97.7%;
however, in our study on EEG_MRI fusion, a higher success
rate of 100% was achieved. We plan to continue our work by
expanding the data set and applying deep learning methods.
We therefore believe that our study with the combination
method can greatly contribute to the diagnosis of epilepsy.
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