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Abstract

Various research groups are working on the automated detection of epileptic seizures
using Electroencephalogram (EEG) data. EEG waveforms are composed of distinct bands
of frequencies. Most of the researchers have used a wide range of frequencies or every
frequency band of EEG for detection process of epileptic seizures to obtain high accu-
racy. However, not all frequency bins contain relevant information about seizures, thereby
degrading the performance of the detection system. This paper demonstrates the suitability
of only delta band (0.5—4 Hz) for the detection of seizures due to epilepsy. The work has
been performed in four stages: (1) Short-time Fourier transform (STFT) of EEG data, (2)
extraction of delta band from the time—frequency (t—f) plane, (3) calculation of four statisti-
cal features (4) performance analysis using Random Forest (RF) classifier. The proposed
methodology achieved an average accuracy, specificity and sensitivity of 99.6%, 99.5% and
99.67% respectively between persons suffering from epilepsy and healthy people on Bonn
EEG dataset. Proposed work is computationally efficient as it uses only single band which
results in small data computation. Its detection time is very short (<0.5 s) which makes it
suitable for real-time clinical application.

Keywords Electroencephalogram - Seizure detection - Delta band - t—f statistical features -
Random Forest

1 Introduction

Worldwide, around 50 million people are suffering from epileptic seizures as per the
reports of World Health Organization. 80% patients are residing in low income or mid-
dle-income countries [1]. During seizure attack, a person may result in serious injury as
the brain loses control over the body (partially or fully). Being a brain disease, a highly
skilled neurologist is required for proper diagnosis and cure. Generally, clinicians use EEG
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readings for the diagnosis. EEG shows electrical activity of the brain and it is recorded
using 10-20 system by placing electrodes on the human scalp [2]. EEG has several advan-
tages over other recording techniques such as it is non-invasive, temporal resolution is high,
and has robust nature. To diagnose epilepsy by visual inspection of EEG is an error-prone,
tedious and time-consuming job. So, a computer-aided diagnostic (CAD) system can assist
the neurologists in recognizing the patients having seizures.

Researchers have applied numerous features extraction techniques and classifiers to
make a CAD system using the whole frequency spectrum of EEG signals [3-5]. From the
past three years, research groups are focusing on implementing deep learning models [6].
The major drawback of the reported techniques is that these don’t discuss the physiological
aspect of seizures related to different bands. In [7], the authors reported individual fre-
quency band yields more relevant and accurate details about the seizure activity. In the
previous work, authors have presented the suitability of alpha band (8—12 Hz) for epileptic
seizure detection using t—f statistical features [8].

Slow waves (<4 Hz) has been always of prime importance for the detection of focal
epilepsy [9]. In [10], authors have presented interictal regional delta slowing (IRDS) as
an EEG biomarker for temporal epilepsy detection. In [11], authors reported postoperative
delta activity can be used as a diagnostic marker for recurrent seizures. Above mentioned
research works haven’t used machine learning methods on delta band for epileptic seizure
detection. The rhythmicity of the electrical pulses generated in the human brain varies from
seizure to non-seizure situation, which results in a change of statistical parameters in these
states. This paper has used STFT to extract four t—f statistical features (mean, variance,
skewness and kurtosis) of delta band. All four statistical features are input to RF classifier.
Different window functions have been studied to check the suitability of delta band.

This paper is framed as: Sect. 2 discusses the dataset used, feature extraction and clas-
sification. In Sect. 3, results have been discussed, and conclusions drawn from the work are
given in Sect. 4. Figure 1 shows the steps followed in this work to make a CAD system for
the detection of seizures.

2 Method
2.1 Datasets Used

Dataset 1 The first publicly available EEG database used in this work is developed by
the University of Bonn, Germany [12]. This database has five EEG groups denoted as
Z-healthy subjects with eyes open, O-healthy subjects with eyes closed, N-subjects with
epilepsy (interictal state) taken from opposite to epileptogenic zone, F-subjects with epi-
lepsy (interictal state) taken within epileptogenic zone and S-subjects with epilepsy (ictal
state) taken within epileptogenic zone. Each group consists of 100 single-channel seg-
ments, sampled at 173.61 Hz with 12 bits of resolution. Duration of one segment is of
23.6s.

Dataset 2 This database is developed by Neurology and Sleep Centre, New Delhi,
India from ten epilepsy patients at a sampling rate of 200 Hz with a spectral bandwidth
of 0.5-70 Hz [13]. 10-20 electrode placement system was used to record the EEG. This
whole database is collected using Comet AS40 amplification system and has three types
of groups, viz. ictal, interictal and pre-ictal. Every group has fifty EEG segments in. MAT
format. Each segment has 1024 data points and duration of 5.12 s.
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Fig. 1 Flowchart of the work
consisting of four important EEG Data
steps: t—f analysis, extraction of
frequency band, feature extrac-
tion and classification ¢

t-f representation:
Short- time Fourier transform (STFT)

v

Extraction of delta band from t-f plane

v

Features computed mean variance,
skewness and kurtosis

v

Classification

v

Performance Analysis

2.2 Feature Extraction from EEG Data

EEG signals possess non-stationary characteristics, so applying Fourier Transform
(FT) may mislead the results about spectral properties of the signals. To obtain correct
spectral information of EEG signals, STFT technique can be performed. This paper
deals with the STFT technique for the t—f analysis of EEG data. In STFT, signal is
divided into small frames by multiplying with window functions, and FT is calculated
of each one. It results in localization of frequency in time and vice versa.

STFT can be calculated by the following expression (1):

0

Ysrpr(z.f) = /X(f)h(t — ) dt (1

—o0

where x(¢) is EEG signal; A(¢) is a window function with centre at 7 and of size odd (N/4),
where N indicates the number of data points. Y is a transformation function mapping time
domain into t—f plane. After applying STFT on time-series EEG data, four statistical fea-
tures of delta band is extracted as reported by the authors in [8]. During seizures the oscil-
lations in the brain get changed, hence statistical features are of great importance [14].
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2.3 Classification

To investigate the performance of extracted t—f statistical features of the delta band, Ran-
dom Forest (RF) classifier have been taken into consideration. The authors have reported
the classifier in [8, 15]. The major reason of RF robustness is the strong ensemble learning
capacity with various decision trees. The cause to choose RF follows the claim in [16],
which presented RF as the best classifier among 179 classifiers, after evaluating on 121
datasets of UCI and other real problems.

3 Results and Discussions

The main aim of the experiments proposed in this work is to detect the epileptic seizures
using only the delta band. Nine experiments using the first dataset and three experiments
using the second dataset have been performed. The feature vector set is divided using ten-
fold cross-validation (CV) method to evaluate the reliable performance of the classifiers.
Five different window functions (Hamming, Hanning, Blackman, Gauss and Kaiser) have
been used to perform STFT operation [17]. The performance of the delta band has been
analyzed using metrics such as classification accuracy, sensitivity and specificity, as below:

Accuracy = TP+ TN % 100% (2)
TP + FN + TN + FP
o TP
Sensitivity = ———— x 100%
ensitivity = m—m0 X o (3)
o TN
Specificity = ——— x 100
pecificity = o—=—p X % 4)

where TP =True Positive, TN =True Negative, FP =False Positive, FN =False Negative.

The performance metrics for five windows of delta band is listed in Table 1. From the
table, it can be seen that except Hamming, all other window functions gives 100% accu-
racy, specificity and sensitivity between ictal (S) and healthy (Z) class on the features
extracted from the delta band. In another experiment between ictal (S) and healthy (O)
class, Hanning and Gauss window gives an accuracy of 99%. In next experiment ictal (S)
class is classified with combined segments of both groups of healthy persons (Z-O). To
fix the imbalanced data cluster Adaptive synthetic sampling (ADASYN) approach is used
[18]. Hanning window gives maximum of 99% accuracy for interictal (N) and ictal (S)
class while 94% for interictal (F) and ictal (S) class. Among three clusters (ZO-NF-S) clas-
sification, maximum of 98.15% sensitivity has been achieved using Kaiser window. The
maximum difference in accuracy among different window functions is only 0.6% which
shows the robustness of features of delta band between seizures and healthy persons. For
dataset 2, 100% accuracy, sensitivity and specificity has been achieved in all window func-
tions between ictal and interictal.

Table 2 shows the performance metrics of other frequency bands (theta, alpha and
beta) for both datasets. The average accuracy of delta band to detect between healthy
and seizure patients using Hanning band is 99.6% while for theta, alpha and beta is
97.33%, 96% and 96.33% respectively. It is inferred from other bands that the variations
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Table 1 Performance metrics (in %) of delta band for different window functions
Data cluster Metrics Window functions
Hamming Hanning Blackman Gauss Kaiser
Z-S Accuracy 99.5 100 100 100 100
Specificity 100 100 100 100 100
Sensitivity 99 100 100 100 100
O-S Accuracy 98.5 99 98 99 98
Specificity 99 99 98 99 98
Sensitivity 98 99 99 99 99
Z0-S Accuracy 99 99.75 99.5 99 99
Specificity 98 99.5 99 98 98
Sensitivity 100 100 100 100 100
N-S Accuracy 98 99 98 98 98
Specificity 98 99 98 98 98
Sensitivity 98 99 99 99 99
F-S Accuracy 93 94 94 93 93
Specificity 90 93 94 93 93
Sensitivity 95 95 94 94 94
NF-S Accuracy 94 97 96 96 97
Specificity 92.5 95.5 96 96.5 96
Sensitivity 94.7 97.7 95.71 95.23 97.68
ZONF-S Accuracy 97 96 97 98 97
Specificity 95.25 97.75 97.5 97.5 97.75
Sensitivity 98.3 95.15 95.55 98.02 95.58
ZO-NFS Accuracy 84 78 78 73 76
Specificity 88.59 84.5 84.45 79 83.33
Sensitivity 78.33 71.33 72.33 68 68.33
ZO-NF-S Accuracy 81 78 77 75 76
Specificity 74 66.75 66.5 65.25 64.5
Sensitivity 95.14 97.7 97.62 94.76 98.15
Ictal-interictal Accuracy 100 100 100 100 100
Specificity 100 100 100 100 100
Sensitivity 100 100 100 100 100
Ictal-preictal Accuracy 95 97 97 97 97
Specificity 94 96 96 96 96
Sensitivity 96 98 98 98 98
Ictal-interictal 4 preictal Accuracy 98 98 99 99 99
Specificity 96 98 98 98 98
Sensitivity 100 100 100 100 100

in all metrics of different clusters of healthy and seizure patients are more. As compared
to previous works which use all frequency bands for detection, proposed work is com-
putationally efficient as it uses an only single band. This works reports improvement in
classification accuracy from our previous work reported in [8]. The feature extraction
part has been implemented in MATLAB and classification part in Python 3.7. The work
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Table 2 Performance metrics (in %) of other bands

Band Data cluster Metrics Window functions

Hamming Hanning Blackman Gauss Kaiser

Theta band (4-8 Hz) Z-S Accuracy 99 99 100 100 100
Specificity 100 100 100 100 100
Sensitivity 99 99 100 100 100
O-S Accuracy 90 96 96 97 97
Specificity 90 96 96 96 98
Sensitivity 89 96 96 97 97
Z0-S Accuracy 90 97 96 96 97
Specificity 86 96.5 96.5 92.5 96
Sensitivity ~ 94.55 95 95.5 98 97
N-S Accuracy 97 98 98 98 98
Specificity 98 98 98 98 98
Sensitivity 97 99 99 99 99
F-S Accuracy 95 98 97 97 97
Specificity 95 99 97 97 96
Sensitivity 96 98 98 98 98
NF-S Accuracy 97 99 97 98 97
Specificity 97 98 97.5 97.5 97
Sensitivity ~ 97.35 99.5 96.41 97.94 9792
ZONF-S Accuracy 91 96 97 97 97
Specificity  89.5 95.75 96.25 95.5 95.25
Sensitivity ~ 92.4 95.69 97.23 99.25  99.01
ZO-NFS Accuracy 77 90 86 83 86
Specificity ~ 78.07 91.6 88.35 8745  88.66
Sensitivity ~ 75.33 88 84 78 82.33
ZO-NF-S Accuracy 76 88 84 80 83
Specificity 67 83.75 77 71.75  75.75
Sensitivity ~ 93.33 95.5 96.58 96.61 97.12
Ictal-interictal Accuracy 97 100 100 100 100
Specificity 96 100 100 100 100
Sensitivity 98 100 100 100 100
Ictal-preictal Accuracy 94 97 97 97 97
Specificity 94 96 96 96 96
Sensitivity 94 98 98 98 98
Ictal-interictal 4 preictal ~Accuracy 96 99 99 99 99
Specificity 93 98 98 98 98
Sensitivity 99 100 100 99 99
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Table 2 (continued)

Band Data cluster Metrics Window functions

Hamming Hanning Blackman Gauss Kaiser

Alpha band (8-13 Hz)  Z-S Accuracy 96 98 99 99 99
Specificity 97 99 99 99 99
Sensitivity 96 98 99 99 99
O-S Accuracy 96 95 96 97 96
Specificity 98 95 96 98 97
Sensitivity 94 95 96 96 95
Z0-S Accuracy 87 95 96 96 96
Specificity 88 95.5 95 95.5 96
Sensitivity ~ 86.4 95 96.9 96.1 96
N-S Accuracy 97 98 98 98 98
Specificity 97 98 98 98 98
Sensitivity 97 98 99 99 99
F-S Accuracy 93 98 98 98 98
Specificity 92 99 98 98 99
Sensitivity 95 97 98 98 98
NF-S Accuracy 97 97 97 96 97
Specificity ~ 93.5 97.5 98 97 97
Sensitivity ~ 99.5 97 96.07 95.71  96.17
ZONF-S Accuracy 91 93 95 95 94
Specificity ~ 87.5 94.75 96 97.75 96.5
Sensitivity ~ 94.8 91.27 93.45 9271 9221
ZO-NFS Accuracy 90 92 92 92 92
Specificity  95.03 94.84 94.04 9542 94.11
Sensitivity 85 88.33 90 89.33  89.66
ZO-NF-S Accuracy 87 89 90 91 90
Specificity ~ 83.25 84.75 87 87.25 87.25
Sensitivity ~ 94.2 96.48 97.42 98.45 9538
Ictal-interictal Accuracy 98 100 100 100 100
Specificity 98 100 100 100 100
Sensitivity 98 100 100 100 100
Ictal-preictal Accuracy 94 98 96 97 96
Specificity 96 96 96 96 96
Sensitivity 92 100 96 98 96
Ictal-interictal 4 preictal Accuracy 97 99 99 99 99
Specificity 97 98 98 98 98
Sensitivity  97.9 100 100 100 100
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Table 2 (continued)

Band Data cluster Metrics Window functions

Hamming Hanning Blackman Gauss Kaiser

Betaband (13-30 Hz)  Z-S Accuracy 89 98 98 98 98
Specificity 91 99 99 98 99
Sensitivity 88 97 97 98 97
O-S Accuracy 89 94 95 95 96
Specificity 91 95 96 97 96
Sensitivity 88 94 95 94 96
Z0-S Accuracy 91 97 97 96 96
Specificity ~ 85.5 97.5 98.5 96.5 96.5
Sensitivity  95.6 96.4 96.4 96.5 94.8
N-S Accuracy 97 98 97 97 97
Specificity 97 99 98 98 98
Sensitivity 98 97 97 97 97
F-S Accuracy 96 96 97 98 97
Specificity 96 96 96 98 97
Sensitivity 96 95 97 98 97
NF-S Accuracy 98 97 97 96 95
Specificity  96.5 98 97 95.5 96.5
Sensitivity ~ 98.9 96.56 97.04 96.07 945
ZONF-S Accuracy 92 98 96 96 96
Specificity ~ 88.5 97.5 96.25 9575  95.25
Sensitivity ~ 96.05 98.23 94.77 96.25 97.26
ZO-NFS Accuracy 89 92 92 90 91
Specificity  94.4 93.84 95.89 94.67 9591
Sensitivity ~ 83.67 89.33 88.33 86 86.33
ZO-NF-S Accuracy 84 91 90 90 89
Specificity ~ 79.5 87.25 86.75 86.75 86.25
Sensitivity ~ 93.8 97.48 95.02 9593  94.94
Ictal-interictal Accuracy 97 99 100 100 100
Specificity 98 100 100 100 100
Sensitivity 96 98 100 100 100
Ictal-preictal Accuracy 95 97 96 97 96
Specificity 94 96 96 96 96
Sensitivity 96 98 96 98 96
Ictal-interictal 4 preictal Accuracy 95 98 99 99 99
Specificity 95 97 98 98 98
Sensitivity ~ 94.89 100 100 100 100
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has been implemented on an Intel(R) Core(TM) i7-4790CPU@3.6 GHz; RAM 8 GB;
64-bit operating system.

4 Conclusion

In this paper, the delta band has been investigated for the detection of epileptic seizures.
STFT has utilized on two publicly available datasets. Five different window functions
have been used to check the robustness of the delta band. After STFT, delta band has been
extracted from t—f plane. Four statistical features are employed to classify among differ-
ent data clusters. Among the experiments performed, it has been observed delta band is
least dependent on window function comparison to the other bands. The results obtained
indicate that the proposed seizure detection method provides good accuracy, sensitivity and
specificity with less complexity. The proposed method will be helpful for neurologists in
analyzing the EEG signal for seizures and making their diagnosis more accurate. Apart
from the detection of seizure, the neuroscience research community will also get benefitted
in understanding the physiological process of delta band related to epilepsy.

Declarations

Conflict of interest The authors declare that they have no conflict of interest.

Ethical approval This article does not contain any studies with human participants or animals performed by
any of the authors.

References

1. Trinka, E., Kwan, P., Lee, B. I., & Dash, A. (2019). Epilepsy in Asia: Disease burden, management
barriers, and challenges. Epilepsia. https://doi.org/10.1111/epi.14458

2. Teplan, M. (2002). Fundamentals of EEG measurement. Measurement Science Review.

3. Bou Assi, E., Nguyen, D. K., Rihana, S., & Sawan, M. (2017). Towards accurate prediction of epi-
leptic seizures: A review. Biomedical Signal Processing and Control, 34, 144-157. https://doi.org/
10.1016/j.bspc.2017.02.001

4. Siddiqui, M. K., Morales-Menendez, R., Huang, X., & Hussain, N. (2020). A review of epileptic
seizure detection using machine learning classifiers. Brain Informatics, 7(1), 5. https://doi.org/10.
1186/540708-020-00105-1

5. Boonyakitanont, P., Lek-uthai, A., Chomtho, K., & Songsiri, J. (2020). A review of feature extrac-
tion and performance evaluation in epileptic seizure detection using EEG. Biomedical Signal Pro-
cessing and Control, 57, 101702. https://doi.org/10.1016/j.bspc.2019.101702

6. Shoeibi, A., Ghassemi, N., Khodatars, M., Jafari, M., Hussain, S., Alizadehsani, R., et al.
(2020). Epileptic seizure detection using deep learning techniques: A review. Arxiv preprint.
arXiv:2007.01276

@ Springer


https://doi.org/10.1111/epi.14458
https://doi.org/10.1016/j.bspc.2017.02.001
https://doi.org/10.1016/j.bspc.2017.02.001
https://doi.org/10.1186/s40708-020-00105-1
https://doi.org/10.1186/s40708-020-00105-1
https://doi.org/10.1016/j.bspc.2019.101702

498

M. Sameer, B. Gupta

11.

12.

13.

14.

15.

16.

17.

18.

Adeli, H., Ghosh-Dastidar, S., & Dadmehr, N. (2007). A wavelet-chaos methodology for analysis
of EEGs and EEG subbands to detect seizure and epilepsy. IEEE Transactions on Biomedical Engi-
neering. https://doi.org/10.1109/TBME.2006.886855

Sameer, M., & Gupta, B. (2020). Detection of epileptical seizures based on alpha band statistical
features. Wireless Personal Communications. https://doi.org/10.1007/s11277-020-07542-5
Vanrumste, B., Jones, R. D., Bones, P. J., & Carroll, G. J. (2005). Slow-wave activity arising from
the same area as epileptiform activity in the EEG of paediatric patients with focal epilepsy. Clinical
Neurophysiology. https://doi.org/10.1016/j.clinph.2004.07.032

Tao, J. X., Chen, X. J., Baldwin, M., Yung, I., Rose, S., Frim, D., & Ebersole, J. S. (2011). Interic-
tal regional delta slowing is an EEG marker of epileptic network in temporal lobe epilepsy. Epilep-
sia. https://doi.org/10.1111/1.1528-1167.2010.02918.x

Schonherr, M., Stefan, H., Hamer, H. M., Rossler, K., Buchfelder, M., & Rampp, S. (2017). The
delta between postoperative seizure freedom and persistence: Automatically detected focal slow
waves after epilepsy surgery. Neurolmage: Clinical. https://doi.org/10.1016/j.nicl.2016.12.001
Andrzejak, R. G., Lehnertz, K., Mormann, F., Rieke, C., David, P., & Elger, C. E. (2001). Indica-
tions of nonlinear deterministic and finite-dimensional structures in time series of brain electrical
activity: Dependence on recording region and brain state. Physical Review E - Statistical Phys-
ics, Plasmas, Fluids, and Related Interdisciplinary Topics. https://doi.org/10.1103/PhysRevE.64.
061907

Swami, P., Panigrahi, B., Nara, S., Bhatia, M., & Gandhi, T. (2016). EEG epilepsy datasets. https://
doi.org/10.13140/RG.2.2.14280.32006

Gajic, D., Djurovic, Z., Gligorijevic, J., Di Gennaro, S., & Savic-Gajic, I. (2015). Detection of
epileptiform activity in EEG signals based on time-frequency and non-linear analysis. Frontiers in
Computational Neuroscience. https://doi.org/10.3389/fncom.2015.00038

Sameer, M., Gupta, A. K., Chakraborty, C., & Gupta, B. (2019). Epileptical seizure detection: Per-
formance analysis of gamma band in EEG signal using short-time Fourier transform. In 20719 22nd
international symposium on wireless personal multimedia communications (WPMC) (pp. 1-6).
https://doi.org/10.1109/WPMC48795.2019.9096119

Fernandez-Delgado, M., Cernadas, E., Barro, S., & Amorim, D. (2014). Do we need hundreds of
classifiers to solve real world classification problems? Journal of Machine Learning Research, 15,
3133-3181. https://doi.org/10.1117/1.JRS.11.015020

Auger, F., Flandrin, P., Gongalves, P., & Lemoine, O. (1996). Time-frequency toolbox. CNRS
France-Rice University. 46.

He, H., Bai, Y., Garcia, E. A., & Li, S. (2008). ADASYN: Adaptive synthetic sampling approach
for imbalanced learning. Proceedings of the International Joint Conference on Neural Networks.
https://doi.org/10.1109/IICNN.2008.4633969

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps
and institutional affiliations.

Mustafa Sameer received his M.Tech Degree in Electronics Engi-
neering from Indian Institute of Technology, Banaras Hindu Univer-
sity, Varanasi in 2012. He worked as Research Assistant in School of
Computer and System Sciences, Jawaharlal Nehru University, New
Delhi. Presently he is working towards Ph.D. from National Institute of
Technology Patna in the area of biomedical signal processing. His
research interests include machine learning, deep learning, analysis of
EEG, epilepsy diagnosis, biosensors etc. He is an Associate member of
Institution of Electronics and Telecommunication Engineers (IETE),
New Delhi.

@ Springer


https://doi.org/10.1109/TBME.2006.886855
https://doi.org/10.1007/s11277-020-07542-5
https://doi.org/10.1016/j.clinph.2004.07.032
https://doi.org/10.1111/j.1528-1167.2010.02918.x
https://doi.org/10.1016/j.nicl.2016.12.001
https://doi.org/10.1103/PhysRevE.64.061907
https://doi.org/10.1103/PhysRevE.64.061907
https://doi.org/10.13140/RG.2.2.14280.32006
https://doi.org/10.13140/RG.2.2.14280.32006
https://doi.org/10.3389/fncom.2015.00038
https://doi.org/10.1109/WPMC48795.2019.9096119
https://doi.org/10.1117/1.JRS.11.015020
https://doi.org/10.1109/IJCNN.2008.4633969

Time-Frequency Statistical Features of Delta Band for Detection... 499

cessing, Machine Learning, etc.

Bharat Gupta is attached to the field of education and research for last
15 years. He is a senior member of IEEE (USA). He did his graduation
in (honors) 2000 and post-graduation in 2003. He did his doctorate
from University of Rome, Tor Vergata, Italy. Presently, He is working
as an Assistant Professor in Department of Electronics & Communica-
tion Engineering, National Institute of Technology Patna, Bihar. Dr.
Gupta is handling two projects funded by MeitY. He has delivered
many lectures in International & National conferences and workshops.
He has published more than 60 papers in International and National
Journals and conferences. He has acted as reviewer of many interna-
tional conferences & journals. He was in Advisory Committee in
National Conference and has also chaired many sessions in confer-
ences. He has organized the workshops at national and international
level. His research area covers mainly Wireless Body Area Network,
Routing and MAC protocol for Medical Wireless Communication, ICT
for Health care, Internet of Thing (IoT), Internet of Medical Thing
(IoMT), FM-UWB communication technology, Biomedical signal pro-

@ Springer



	Time–Frequency Statistical Features of Delta Band for Detection of Epileptic Seizures
	Abstract
	1 Introduction
	2 Method
	2.1 Datasets Used
	2.2 Feature Extraction from EEG Data
	2.3 Classification

	3 Results and Discussions
	4 Conclusion
	References




