
ROC Analysis of EEG Subbands for
Epileptic Seizure Detection using Naı̈ve

Bayes Classifier

Mustafa Sameer∗ and Bharat Gupta

Department of Electronics and Communication Engineering, National Institute of
Technology Patna, Ashok Rajpath, Patna 800005, India
E-mail: mustafa.ec17@nitp.ac.in; bharat@nitp.ac.in
∗Corresponding Author

Received 18 September 2020; Accepted 30 November 2020;
Publication 26 January 2021

Abstract

This paper presents analysis of Electroencephalograms (EEGs) and sub-
bands (delta, theta, alpha, beta, gamma) using image descriptors for epileptic
seizure detection. Short-time Fourier transform (STFT) has been utilized
to convert 1-D EEG data into image. All subbands are separated from the
time-frequency (t-f) matrix and Haralick features of each subband is fed
in the Naı̈ve Bayes (NB) classifier. Receiver operating characteristic (ROC)
analysis has been used for performance evaluation of classifier. Among all
subbands, gamma band alone shows a maximum AUC of 0.98 to classify
between ictal and healthy class, while beta band shows a maximum AUC
of 0.96 to differentiate between ictal and interictal class. Significance of this
work is it shows the medical advantage of different subbands for the detection
process.
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1 Introduction

More than 50 million people worldwide are suffering from epileptic seizures.
It is the most common brain disorder after stroke. Mainly middle income
and low-income countries people are affected by this disease [1]. Epileptic
seizures results due to excessive discharge of neurons in the brain, which
results in loss of control on the body. It can result in a sudden fall if a person
is standing or an accident if a person is driving etc. Persons suffering from
epilepsy has higher death rate as compared to healthy person. Seeing the
dreadness of this disease, researchers have done a lot of work in last decade.

EEG captures electrical pulses generated in the brain, which is used for
epileptic seizure detection [2]. The major advantage of EEG is its temporal
resolution is high, non-invasiveness in nature and low cost due to which it is
extensively used in the detection of epileptic seizures. EEG can be obtained
by placing electrodes on the human scalp. Widely recognized 10–20 method
is used for this work. Highly skilled neurologists are required to analyze EEG
readings; still, there is a probability of the wrong prediction. So, an automated
system to assist clinicians is having high demand.

A number of feature extraction methods, feature selection techniques
and classification algorithms have been applied by various researchers for
epileptic seizure automated systems. Time analysis [3], frequency analysis [4]
and time-frequency (t-f) [5, 6] analysis has been used by researchers to extract
features which can fed into machine learning classifier. Discrete wavelet
transform (DWT) is one of the most widely used techniques for this pur-
pose [7–9]. Different variants of Entropy, hurst exponent, Djorth parameters,
statistical averages, average frequency, relative spike amplitude are the most
important features calculated in previous works. Different t-f distribution
functions have been reported by authors for detection of epilepsy using
artificial neural network (ANN) [10]. In [11], authors have used rule-based
classifier after doing STFT on EEG data. After the advent of deep learning
work has been, various groups have presented work on it. Deep learning has
the advantage of automatic feature selection. Acharya et al. [12] were first
to use convolutional neural network (CNN) for epileptic seizure detection.
They presented a network having 13 layers, which gives 89% accuracy for
three-class classification. Ulah et al. [13] proposed the pyramidal structure of
CNN and used large number of epochs to reach good accuracy. As well as
data augmentation has also been done in their work to increase the number of
instances, which is an additional stage in the automated system. In recent
days, t-f image descriptors are used to extract features for the automated
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epileptic detection system. In [14], authors have used t-f images obtained
from the spectrogram and employed local binary pattern (LBP), texture fea-
ture coding method (TFCM), and gray-level co-occurrence matrix (GLCM)
as texture descriptors to extract features. Multiscale radial basis function has
been used to extract GLCM and Fisher vector to extract features [15]. Authors
have derived Haralick features from quadratic t-f distribution in [16]. In [17],
authors have applied DWT on EEG signals and extracted 1D-LBP features.
They have used multiple support vector machine (SVM) classifiers to build
an ensemble classifier for classification purpose. In [18], authors have divided
amplitude and phase t-f image based on different frequency ranges obtained
after applying STFT on EEG signals. They have extracted texture features
and fed to SVM for detection.

Most of the research work use entire brain dynamics for epileptic
detection. There is different frequency bands δ (0.4–4 Hz), θ (4–8 Hz), α
(8–12 Hz), β (12–30 Hz) and γ (30–60 Hz) of EEG signal [19, 20]. However,
not all bands are essential for the detection purpose. Certain changes which
are not visible in full spectrum can be viewed in a particular band [21]. Our
premise of this study is to show medical significance of different subbands
for epilepsy detections using texture features. Preliminary work has been
shown by the authors in [22]. To the best of our information no work has
been presented on Haralick features used to analyze the performance of
medically established bands. This work has cut subbands from the t-f plane
of STFT. From each subband, Haralick features are extracted and fed to the
NB classifier to classify between different groups.

2 Experimental Data Used

The experiments has been performed on publicly available EEG dataset of
University of Bonn, Germany [23]. The EEG dataset has five different groups
namely Z, O, N, F and S and it is collected with the help of 128 channels. Each
group of the dataset has 100 segments. The duration of each segment is 23.6
seconds and has the sampling frequency of 173.61 Hz.

The segments in Z and O group were acquired from healthy persons
with eyes open and closed, respectively, using the 10–20 system. The data
collected in groups N and F are from hippocampal formation and epilep-
togenic zone, respectively, during seizure-free periods of epileptic patients.
Segments of group S is taken from epileptic patients during the seizures
period. Summarize description of dataset is presented in Table 1. Figure 1
presents EEG segment of Z, O, N, F and S group.
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Table 1 Summary of different groups
Subjects from Numbers
which EEG of Way of Data
Data Acquired Groups Instances Collected
Healthy Person Z 100 eye opened

O 100 eye closed

Epileptic Patients N (Seizure free) 100 from the hippocampal formation

F (Seizure free) 100 from epileptogenic zone

S (Seizure) 100 during seizure period

3 Methodology Used

This work has used different steps to detect epileptic seizures, shown in
Figure 2. The database of Bonn University, Germany on which the proposed
methodology is applied is already pre-processed. Hence STFT has been
applied directly without using artifact removal techniques.

3.1 Short-time Fourier Transform

A number of t-f methods are available to perform analysis. Wavelet transform
methods are less preferable than STFT for real-time processing [24]. In this
paper, to perform t-f analysis of EEG data, STFT has been used [25]. This
method provides localization of time in frequency and vice versa. It trans-
forms 1-D EEG data (time-domain) to two dimensions (t-f plane). Hamming
window is utilized in this work for STFT operation. The size of window is
kept odd (N/4), where, N is the number of data points. Let EEG signal be
m(t), and hamming window of short duration be w(t), then STFT is given by
the expression (1):

FSTFT (τ, f) =

∫ ∞
−∞

m(t)w(t− τ)e−j2πftdt (1)

Figure 3 shows the power spectral density (PSD) of gamma band one
segment of (a) Z group (b) S group.

3.2 Feature Extraction

Texture features given by Haralick have been extracted from 2-D t-f repre-
sentation of EEG signals in this work [26]. To extract textural features, STFT
has been applied to EEG data to obtain image data. Any information related
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Figure 1 EEG segments of Z, O, N, F, and S (top to down).
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Bonn’s EEG Data 

Short-time Fourier Transform 

Extraction of EEG subbands 

Haralick’s Texture Feature extraction 

Naïve Bayes Classifier 

ROC results 

Figure 2 Overview of the steps performed.

Z01

500 1000 1500 2000 2500 3000 3500 4000
Time samples

500

1000

1500

2000

2500

3000

3500

4000

Fr
eq

ue
nc

y s
am

pl
es

S01

500 1000 1500 2000 2500 3000 3500 4000
Time samples

500

1000

1500

2000

2500

3000

3500

4000

Fr
eq

ue
nc

y s
am

pl
es

  
(a) segment of Z group                                                          (b) segment of S group 

Figure 3 PSD of gamma band.

to seizure activity or non-seizure pattern on it can be obtained while dealing
with it as an image descriptor. To extract Haralick features firstly, GLCM has
been calculated from t-f plane of each subband, represented by Z (having size
P × P, where P is the number of gray levels in image data). The method to
generate this matrix is the occurrence of pixel pairs in reference to particular
values of an image. The reference values can be taken in terms of distance δ
and angle θ. The authors have taken δ = 1 and θ as 0◦, 45◦, 90◦, and 135◦.
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Table 2 AUC obtained
AUC

Data Cluster Delta Theta Alpha Beta Gamma EEG
Z-S 0.69 0.60 0.89 0.74 0.98 0.99

O-S 0.80 0.66 0.72 0.63 0.93 0.98

ZO-S 0.73 0.44 0.81 0.71 0.96 0.98

N-S 0.69 0.86 0.86 0.96 0.75 0.98

F-S 0.72 0.76 0.80 0.91 0.79 0.96

NF-S 0.70 0.81 0.83 0.94 0.75 0.98

ZONF-S 0.71 0.62 0.79 0.82 0.84 0.96

ZO-NFS 0.66 0.62 0.84 0.71 0.86 0.95

ZO-NF 0.74 0.80 0.90 0.89 0.78 0.95

      (a) AUC between Z-S                                                                       (b) AUC between N-S 

Figure 4 ROC of gamma band.

3.3 Classification

Naı̈ve Bayes (NB) algorithm has been implemented on the extracted Haralick
features for the classification process. This algorithm uses simple probabilis-
tic method for classification task. The basic working principle of this classifier
depends on Bayes theory [27]. The advantages of NB classifier are its easy
implementation and fast classification process. It is widely used for medical
diagnosis and data mining applications [28]. Based on the distribution of
samples different types of NB are used. In this work, predictors are normally
distributed.

4 Results and Discussion

In this work from each subband, 52 features have been extracted, making
a total of 260 features from all subbands. Using different combinations of
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groups, nine experiments shown in Table 2 have been performed. Among var-
ious methods of splitting data, authors have used the K-fold cross-validation
technique. The feature vector set obtained after Haralick process has been
partitioned into K = 10 parts of same size. Out of which, one subset from
the partitioned data is used as a testing set, and the remaining nine is used
as training set. The final output is taken as the average after repeating this
process K times. It can be seen from Table 2 that the gamma band alone is able
to achieve AUC of 0.98 between ictal and healthy persons. While beta band
shows an accuracy of 0.96 between interictal and ictal groups. Figure 4 shows
the ROC curve for healthy, ictal, and interictal groups. The ROC analysis has
been performed in Python software [29].

In [30], 93.6% success rate has been achieved in the classification
between seizures and non-seizures. Our earlier work shows 84% detection
rate using alpha band [22] while this work shows a higher distinguishing rate
of 98 % using only the gamma band.

5 Conclusion

ROC analysis of all EEG subbands using Haralick features for different
combinations of Bonn’s EEG epilepsy dataset has been presented. Time
series EEG data has been converted into t-f plane using STFT. This operation
is performed on MATLAB. Results show the AUC value of 0.99 has been
achieved between normal and ictal states. This work shows a detection rate
of 98% in the gamma band only between seizures and healthy persons, while
the beta band is sufficient to differentiate between interictal and ictal states.
Thus, the use of a single subband for the detection process results in less
computational tasks in the automated system, making it suitable for real-time
detection process. As a future work author is planning to implement it on
FPGA.
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