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Epilepsy is a brain disorder which produces recurrent seizures as a storm of the
electrical activity of the brain. 70 millions of people living with epilepsy in the world and most
of them are from developing countries and near about 12 millions of people are residing from
India. In rural areas, seizure disorder is not treated seriously so there is a need for awareness
and availability of proper medication. Recurring seizures are the major source of diagnosis of
epilepsy so real-time prediction using analytical methods is a need of the research in this area.
Electroencephalographic (EEG) signals are the rich source of the early diagnosis of epilepsy.
The basic objective of the work is to proposed real time architecture which could be included
in existing EEG monitoring and measuring instruments to mark the seizure occurrence. This
will facilitate medical practitioners monitoring primary status of patients and understanding
frequency of seizure occurrence. Thus the proposed work provide real-time architecture or
improved performance reconfigurable solution to contribute in designing real-time seizure
detection system. The EEG processing architecture is designed and implemented in this work,
which will add values to the existing EEG monitoring and recording system.

Keywords: Electroencephalography (EEG); ANOVA; Epileptic Seizure;
Feature Extraction; FPGA-Genetic Algorithm (FPGA-GA).

Most of the population suffers from
various neurological disorders and epilepsy is one
of the common chronic disorders observed due to
an electrical storm in the brain. As per the survey
in 2014, about 50 million people in the world are
suffering from epilepsy. The prevalence of epilepsy
in rural areas is around 6-8 million people due to
lack of awareness and lack of medication. Many
people with active epilepsy do not get treatment
on time because of the unavailability of low-
cost seizure detection device, leading to a large
treatment gap®. In 1999, the epilepsy population
in India was 5.5 million?, in 2014 it was observed
as 10 million' and in 2015 it was 12 million?. Thus

previously rate of increase in epileptic patients
was slower and in recent years it has increased as
2 million per year. During 1995-2000 and 2007—
2012, the epileptic surgeries in India are increased
in threefold*. This generates a need for research in
epilepsy detection and monitoring. The epilepsy is
identified by recurring seizures at a certain interval.
To monitor these seizures at rural areas there is a
need for real-time, high performance, and less
complicated systems.

There are various high-performance
tools such as. Electroencephalography (EEG),
functional Magnetic Resonance Imaging (fMRI),
Near Infra-Red Spectroscopy (NIRS) and,
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Magneto Encephalography (MEG) for brain signal
analysis and single-photon emission computerized
tomography (SPECT) are there which can help
in the diagnosis of epilepsy. But EEG is the most
commonly used method for analysis and other
methods are used at a later stage of epilepsy
for surgery. Electroencephalography (EEQG) is a
powerful method of measuring equivalent electrical
variation generated in the brain with various
sensations. Multi-electrodes are placed invasively
or non-invasively as per the severity and 10-20
standard of placement. The 10-20 system is the
internationally recognized method to select the
location of electrodes in EEG recording. The 10-
20 refers to the fact that actual distances between
electrodes are either 10% or 20% of front-back
or right-left distance of the scalp’. These EEG
signals are pre-processed with the multichannel
data acquisition module with a certain sampling
rate. The recorded EEG signal is very data intense,
time and resource consuming thus it should handle
a heavy workload of computations. Thus there is a
need for high-performance architectures with low
power, size, and computation for epileptic seizure
detection and monitoring.

Various researchers in technology have
proposed architectures for feature extraction,
classification, detection, and prediction of seizures.
These architecture needs to handle very huge
data which can be optimized using proper feature
selection methods. The architecture if proposed
using Genetic algorithm for optimized feature
selection.

Initially, the four basic steps of FPGA
implementation of Genetic Algorithm (GA) were
proposed by Man F. So et.al® and Tu Lei et.al’. This
architecture includes a block matching algorithm
for image processing application. The next work
was based on customizable IP implementation
of GA on Vertex II type of advanced FPGAS®. In
further research, GA was implemented FPGA such
as probability vector based compact GA?, cellular
compact GA'®, GA used for frequency estimation
in power application and special evolving hardware
using GA for real-time devices''.

In epileptic seizure detection, GA was
implemented using FPGA by Castellaro et.al* to
provide wearable wireless hardware for epileptic
patients. The system is designed using 64 EEG
channels with 2048 sampling rate. Wei Ming Chen
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et.al"® designed power efficient and compact size
system on chip (SoC) for seizure detection with
92% of accuracy using entropy and spectrum based
features. Similarly Altaf et.al'* designed 1083ulJ
SoC for seizure classification. Digital Signal
Processor (DSP) and ARM core-based real-time
embedded system were proposed by B. Meng et.
al's, for seizure detection with 96.36% accuracy.
Keito Ito et.al's invented front end LSI chip and
motherboard for neuro-signal processing and
recording. This can be used in various applications
such as Brain Machine Interface (BMI) and disease
detection. Genetic algorithm is also used for
seizure detection by R. Dhiman et. al'” and E. Bou
Assi et.al™ with wavelet transform features and
minimum redundancy and maximum relevance
(mRmR) algorithm respectively.

The paper is organized further as
section two describes the dataset and method
implemented implemented by proposed system.
The section three covers the performance analysis
by demonstating system result. Section four
concludes the work.

MATERIAL AND METHODS

Dataset

The standard database provided by the
Department of Epileptology'’, is considered for
experimentation of this research work. The five
epileptic patients and five healthy people are
involved in this research. The EEG signals recorded
are preprocessed signals from data acquisition
system having specification as 12-bit resolution,
0.5Hz to 85 Hz bandwidth, 40Hz low pass filter
with the sampling frequency of 173.61Hz. This
signal was recorded with 100 single channel
for 23.6 sec and used 10-20 standard electrode
placement method for channel location. The
database comprises of five set A-E out of which set
A and B are 100 recordings each from five healthy
persons with eyes open and closed respectively
and C-E are 100 recordings of epileptic patients.
The experimentation performs feature extraction,
feature selection and analysis of features for further
implementation using software tool MATLAB
but architecture verification are done only with a
single file at a time. The architecture proposed here
currently not supporting but has only optimized
feature selection on the basis of genetic algorithm.
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Fig. 1 shows reconstructed EEG signals for healthy
and unhealthy or epileptic persons using MATLAB
and shows a clear distinction in signals.
Proposed Methodology

EEG signals are having artifacts such
as chewing, eye blink or any motory action of
muscles. So firstly artifacts are removed from the
database using Independent Component Analysis
(ICA)*. The independent componenents are
extracted and artifacts are manually rejected or
automatically rejected by EEGLAB tool. The
updated database is saved. The updated database
is used for further feature extraction, feature
selection, dimensionality reduction of feature
vector and classification in seizure, pre-seizure
and non-seizure state. Fig 2 shows the proposed
EEG architecture for dimensionality reduction
of feature vectors. Initial feature extraction and
selection is implemented using MATLAB Tool and
itis all features are analysed to find highly relevant
features. The features will be calculated and EEG
processor architecture is implemented on FPGA.
Feature Extraction and Selection

The epileptic seizure signal and Normal
EEG signals has different characteristics such
as amplitude variation, increase in frequency
component and rate of synchronization in various
channels. Thus time and frequency domain features
extracted from preprocessed EEG signals and
are analysed for differentiating in a normal and
abnormal state. Fig. 2 shows the flow of feature
extraction and selection. Firstly time and frequency
features are extracted then vertically features space
analyzed and reduced using ANOVA test and
horizontally reduced by Genetic algorithm.
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Prof. John Holland in 1960 proposed
Genetic Algorithm(GA) the work extended with
the survival of the best fittest principle. GA is
a natural evolutionary theory used for search
and optimization techniques. Such an approach
gives very effective solutions for a complex and
high computational problem. Chaikla et.al®,
suggested to use GA for feature selection with
various fitness function. It is observed that
simple model of GA for feature selection can be
implemented with corrleation fitness function
and roulette wheel selection* R. Faraji et. al*!
implemented the basic genetic algorithm on Field
Programmable Gate Arrays (FPGA) with crossover
and parallel processing. This increases the speed of
execution of the algorithm as compared to software
implementation. This FPGA architecture can be
appended with existing measurement system to
improve the performance.

RESULTS AND DISCUSSION

Artifact Removal

EEGLAB is a MATLAB toolbox made
available by Mathworks for processing brain
signals data processed by electroencephalography
(EEG), Magneto-encephalography (MEG), and
any other electrophysiological method. Along
with the basic processing, EEGLAB implements
various analysis algorithm and artifact rejection and
methods of data visualization. EEGLAB supports
various file formats and allows users to group
data from several subjects, and to cluster their
independent components. Independent component

Amplitude

Fig. 1. Construction of EEG signal for a) Healthy Person b) Epileptic Patient
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gives frequency selective data with the removed
artifact as shown in Fig. 3
Time and Frequency Feature Extraction and
Selection

Average Mean value is a measure of EEG
signal power, variation is measured from variance
and coefficient of variation and synchronization
is characterized by cross-correlation between the
channels. Fig. 4a-4e shows time and frequency

Removal using

Classification of EEG
Signal States
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domain features and specifically Fig. 4e shows
power spectral density (PSD) feature extracted
from normal subjects (PSD_n), offset PSD value
of epileptic subject during offset state (PSD_off)
and PSD value of epileptic subject during onset
seizures (PSD _s).

This shows that PSD value during the
three states has significant difference thus can be
used for seizure detection. Thus all features are
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tested on the basis of dissimilarities in three states ~ selection such as mRmR and hypothesis testing
by ANOVA testing and only selected features are  like ANOVA testing. The proposed algorithm
adopted for the classification model. uses ANOVA testing for feature selection using

Feature selection is adaptively finding similarity index and selects features has the
sensitive features to be considered for further  highest variation or lowest P-value as shown in
classification. There are various methods of feature ~ Table I for PSD value of signal considering offset,
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seizure and normal state. All the above features
are hypothetically tested to find its relevance and
importance for classification.

ANOVA test with reference to features of
seizure EEG signal shows that features RMS, ZCR,
and PSD are most relevant and useful features to
classify EEG signal. Table II shows RMS, ZCR,
and PSD has minimum P-value and maximum
F-Score thus can be used for classification. Thus
overall feature selection due to ANOVA will
reduce feature dimension space from “window size
samples (N/Fs)*100 files x5 Features * States(3)”
to “window size samples(N/Fs)*100 files x 3
Features * States(3)”. Thus total features space is
vertically reduced by a factor of 2.

An optimized solution called Genetic
Algorithm (GA) is a well-known heuristic search
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tool proposed by Charles Darwin considering the
theory of evolution. The GA is the composition of
five phases initialization of population, selection
of appropriate fitness function, selection of fittest
value, crossover and mutation phase. The feature
vector constructed after ANOVA is as given below

Fi={ RMSi , ZCRi, PSDi}

Where ‘i’ is a number of data samples
for each of the features i=1,2,3.....300 and Fi will
be chromosome with individual feature genes.
There are three genes due to three features in each
chromosome. But looking at PSD values accuracy
is more so only PSD is considered for architecture
development. The PSD feature extracted from
normal and epileptic patients are as shown in Fig.5

Table 1. ANOVA Calculation For PSD Values Of EEG Signal In Offset, Seizure And Normal States

Anova: Single Factor SUMMARY

Source of Variation SS Df MS F P-value F crit
Between Groups 87103.67 2 43551.84 112.8514 3.5E-37 3.026153
Within Groups 114618.8 297 385.9219
Total 201722.5 299
Table 2. ANOVA Test Parameters for All Features
Features AVM Kurtosis RMS ZCR PSD
P-Value 0.086394 0.001104 2.54E-60 1.83E-36 3.5E-37
F-Score 2.469135 6.967053 225.6502 109.9567 112.8514
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Fig. 5. PSD features extracted for Normal and Epileptic Patients
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Population matrix will be of 300 x 3 and
each of the features will be passed through a genetic
algorithm to select the fittest chromosome during
offset, seizure and normal state. This is consider
to be initial population and then parents are selected
with best relevance with class by finding its relation
with class features. The fitness function used is
correlation function and selected features then
provided to crossover. The crossover is a genetic
operator used for recombination of the parents to
generate new population.

I FPGA Implementation
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Hardware Architecture of Genetic Algorithm
designed on FPGA

The basic Genetic Algorithm
implementation is proposed by Thorbole et. al*
and further work is extended to EEG processor
architecture as shown in Fig. 6. Features from the
MATLAB tools are transmitted through RS 232
and hyper terminal of PC to FPGA. The designed
is verified by implementing on Xilinx Spartan
6 FPGA based Altys board. The processor is
designed with 10byte transmission and reception
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e s e e . o s et il

Fig. 6. Datapath and Control architecture of dimensionality reduction architecture on FPGA
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in one clock cycle and the byte are first stored
in block RAM. One frame is of 512 bytes and
then the processing starts in EEG-GA processor
architecture. The architecture is designed with
DATAPATH and CONTROL blocks as shown in
Fig. 6.
Hardware Architecture of Genetic Algorithm
designed on FPGA

The basic Genetic Algorithm
implementation is proposed by Thorbole et. al*
and further work is extended to EEG processor
architecture as shown in Fig. 5. Features from the
MATLAB tools are transmitted through RS 232
and hyper terminal of PC to FPGA. The designed
is verified by implementing on Xilinx Spartan
6 FPGA based Altys board. The processor is
designed with 10byte transmission and reception
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in one clock cycle and the byte are first stored
in block RAM. One frame is of 512 bytes and
then the processing starts in EEG-GA processor
architecture. The architecture is designed with
DATAPATH and CONTROL blocks as shown in
Fig. 5.

It is divided in three main part viz.
firstly communication module for transferring
features to FPGA and receiving reduced features
from FPGA to PC through RS 232 or UART
communication with 8bit frame size and 174, 8-bit
data samples buffer size. Harpale et. al*® published
UART architecture with buffer implementation
on FPGA and the work thus further extended for
dimensionality reduction using GA. Secondly,
datapath architecture including clock generation,
reading buffer into block RAM and processing
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Fig. 8. 8a) RTL block of Crossover Function8b) RTL Block of Mutation Function, 8c) RTL BlockFitness Function
8d) Simulation result of Fitness, Crossover and Mutation and
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through the genetic algorithm process with separate
process control unit and uploading the processed
data with transmitting buffer to PC. Lastly, each of
the blocks is invoked or controlled by controller
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designed using Finite State Machine (FSM) as
shown in Fig. 7. FSM controller designed uses
control word give below to control the total process
execution.

Control block has 8-bit control word with the following details

Control Word:
DB7 DB6 DB5 DB4 DB3 DB2 DB1 DBO
Finish 0 S/E Xmit S/E up S/EProc  S/EDwn  S/E Rec SWO0

The data path is designed to handle the
flow of data. It includes input buffer, block RAM,
EEG-GA processor block and an output buffer. It
read features from PC sequentially and serially
data will be received in the input buffer and Block
RAM will be enabled till it receives 174 bytes as
one frame and then EEG-GA process initiated to
calculate its significance. The block-wise FPGA

implementation results with RTL and its simulation
results are as shown in Fig. 8.

The device utilization summary for
Xilinx-SPARTAN 6 FPGA platform is as shown in
Fig. 8 with 37mWatts and 18.76 seconds execution
time.

Features selected from MATLAB passes
through this design and the dimension of the overall

Device Utilization Summary (estimated values) [
Logic Utilization Used Available Utilization
Numbar of Shce Ragisters 810 545% 1%
Muerber of Shoe LUTs 1544 T8 )]
Number of fully used LUT-FF pairs 555 1589 W%
Numbes of bonded 1065 62 28 2%
Number of Block RAMFIFO k] 116 %
Murber of BUFGBUFGCTRLS 1 15 5%
Number of DSP48A Ls B 5 2%

Fig. 8. Device Utilization Summary of FPGA Implementation

Table 3. Performance Parameters of Proposed Method

Performance Methods Feature Space % reduction in Classification
feature Space Accuracy

Time and Frequency 23x100x3x5 features = 6900x5 NA 87.44%

Domain Features

Feature Selection using 23x100x3x3 features = 6900x3 40 % reduction 92.81%

ANOVA

Optimized ANOVA+ [460( Non- seizure Features)+ 2070 78 % reduction. 96.54%

FPGA based GA ( Seizure Features)] x 3=2530 x 3

( Considered Maximum Value)
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features related to seizure state of EEG signal. The
feature has the significance of seizure state are
selected and transmitted to PC signifies detection of
seizures. The seizure detection with the proposed
methodology improves accuracy and sensitivity.
Thus facilitate to use in real time ASIC solution
but performance related to the speed of execution
and computation cost is platform specific. The
received optimized features are classified using
Support Vector Machine(SVM) Classifier and
WEKA tool is used to evaluate the performance
of the classifier. The performance metric observed
here is as mentioned in Table III.

CONCLUSION

For EEG analysis for seizure detection
feature extraction and feature selection is an
important requirement to avoid high dimensional
space for data management. The proposed EEG-
GA architecture facilitates to use it in a real-
time system as an ASIC solution. The system
can achieve accuracy of about 96% for seizure
detection. Dimensionality reduction is observed
about 40% of total dimensions with ANOVA and a
hybrid model of ANOVA+GA gives 78% reduction
of feature space. The design could provide low
power (37mWatt) and less complexity or improved
performance platform specific reconfigurable
solution to contribute to designing real-time seizure
detection system. The system will be significant in
seizure monitoring of epileptic patient as well as
detection of seizures to avoid an accident. This
work concludes the basic EEG-GA architecture
is designed with high performance for seizure
detection and can be further extended to prediction
of seizures.
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