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Abstract
The classification of medical data is the demanding challenge to be addressed 
among all research issues since it provides a larger business value in any analytics 
environment. Medical data classification is a mechanism that labels data enabling 
economical and effective performance in valuable analysis. Proposed research has 
indicated that the quality of the features may cause a backlash to the classification 
performance. Also squeezing the classification model with entire raw features can 
create a bottleneck to the classification performance. Thus, there is necessity for 
selecting appropriate features for training the classifier. In this proposed, a system 
is proposed that can use multiple channel real-time EEG signals to predict the 
onset of an epileptic seizure. The system is given a select number of EEG chan-
nels as input and reports back the corresponding epileptic seizure state at every 
second and the Hybrid Artificial Neural Network with Support Vector Machine 
(HANNSVM) based classifications are done as a simulation of real-time dynamic 
predictions and are dependent upon past predictions that were made. As a result, 
the sensitivity must be controlled such that seizures aren’t predicted more often 
than they actually occur. Statistical analysis of accuracy values and computational 
time portrays that the proposed schemes provide compromising results over exis-
tent methods.
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1.1	 Introduction

IoT (Internet of Things) is utilized as a part of a great deal of medical uses. 
A portion of the uses of Internet of Things are savvy stopping, shrewd 
home, brilliant city, keen condition, mechanical spots, horticulture fields 
and wellbeing observing procedure [38]. One such application in medic-
inal services to screen the patient’s wellbeing status by means of Internet 
of Things makes therapeutic gear more effective by permitting ongoing 
checking of patient’s wellbeing, in which sensor get information of patient’s 
and decreases the human blunder. The Internet of Things in the therapeu-
tic field draws out the answer for compelling continuous checking of ratio-
nally impaired individual at diminished cost and furthermore lessens the 
exchange off between tolerant result and infection administration [33]. So 
far we have seen the wellbeing observing framework which gathers data of 
fundamental parameters, for example, heartbeat, temperature, circulatory 
strain and development parameters. The medical data stored in cloud in 
the form of huge dataset, need to analyze and predict the diseases based on 
IoT data is very important [1, 37].

The progress of science has driven every individual to mine and con-
sume medical data for analyses of business, customer, bank account, med-
ical, etc. made privacy break or intrusion also in most circumstances. The 
IoT-based medical data is all over in the pattern of text, number, images 
and videos [35, 36]. This type of data continues to grow bigger, thereby 
organizing these data as a necessary process. The collected enormous data 
should produce logical use unless it would be waste of time, effort and stor-
age. The action of grabbing or collection of huge data is called datafication. 
Clinical data can be used effectively as it is datafied. The organizing of data 
alone cannot make useful but should identify what can be performed by its 
use. Optimal processing power, analytical capabilities and skills are needed 
for squeezing essential information from medical data. The data mining 
features are shown in Figure 1.1.

Medical data is of various types, formats and shapes which are brought 
together from various sources. Data Analytics is the action of studying and 
extracting big data which can yield functional and business knowledge in 
a remarkable form. The behavior of business is reconstituted in different 
ways by big data analytics [15]. Approaches like information technology, 
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statistics, quantitative methods and various methods are used by medi-
cal analytics to deliver results. Data mining analytics is divided into three 
main types. They are descriptive analytics, predictive analytics and pre-
scriptive analytics. The traditional database systems are not sufficient to 
progress huge data characteristics (elements) [2].

1.1.1	 Descriptive Analytics

Descriptive analytical type is the best accepted one being the basis for 
uplifted analytical models. It benefits leaders, researchers, planners, etc. to 
build a guideline for forthcoming activities by reviewing the database to 
determine knowledge on current or past medical data proceedings [16]. 
This model does a detailed review of data to expose particulars like oper-
ation costs, cause for false steps and frequency of events. Descriptive ana-
lytics assists locating the root cause of the issue. Descriptive analytics also 
deal with it Proposed modal EEG classification [4].

1.1.2	 Analytical Methods

The different analytical methods of data mining are

•	 Predictive Analysis
•	 Behavioral Analysis
•	 Data Interpretation.
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Figure 1.1  Data mining features.
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1.1.3	 Predictive Analysis

The probable questions in predictive analysis are

•	 In various domains, how does a data utilize the available 
data for predictive and real time analysis?

•	 How does a medical data make accuracy from unstructured 
data?

•	 How does a business influence unique varieties of data like 
social media data, sentiment data, multimedia, etc.?

1.1.4	 Behavioral Analysis

Behavioral analysis deals with how a business influences complicated data 
to develop advanced models for

•	 Motivating results
•	 Making a medical budget
•	 Motivating revolution in medical approach
•	 Cultivating long-term consumer fulfilment.

1.1.5	 Data Interpretation

The probable questions in data interpretation are

•	 What new analyses can be done from the available data?
•	 Which data should be analyzed for new product innovation?

1.1.6	 Classification

Data classification is considered as a critical and challenging problem to 
be addressed in IoT medical data analytics. Classification is a method of 
labeling data for better productive usage depending upon necessity [34]. 
It functions with two paces: first includes learning activity and the sec-
ond performs classification activity. The required data can be detected and 
obtained using well-organized classification model. The action of classi-
fying the data using issues and difficulties opened by the data controllers 
is called data classification. Figure 1.2 shows the paces connected to big 
data classification [30]. The different paces connected to classification are 
input data collection, data understanding, data shaping and data mining 
environment understanding. The success in data classification requires 
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the understanding about design and structure of algorithms. It demon-
strates activities such as configuration of huge data, management of big 
data and the methodology advancement related to classification [17]. The 
distinguishing parameters which impact the big data controller manage-
ment and drive to issues in the advancement of learning layouts. Explores 
the paces associated with the machine learning algorithms and the flow of 
various phases is demonstrated. The cross validation and early stopping 
decision methods are applied for solving problems seen in the validation 
phase [16].

Data classification is the task of applying computer vision and machine 
learning algorithms to extract meaning from a medical data. This could 
be as simple as assigning a label to the contents of an image, or data it 
could be as advanced as interpreting the contents of a data and returning a 
human-readable sentence [18]. Image and signal classification, at the very 
core, is the task of assigning a label to a data from a pre-defined set of 
categories. In practice, this means that given an input image, the task is to 
analyze the image and return a label that categorizes the image. This label 
is (almost always) from a pre-defined set. Open-ended classification prob-
lems are rarely seen when the list of labels is infinite [2].

In this proposed system examine about checking patient’s mind flags 
and recognizing the status of the patient progressively. To gather the infor-
mation of cerebrum signals, we are utilizing Neurosky Mindwave Mobile 
Headset which deals with the EEG innovation. Figure 1.3 demonstrate the 
proposed system design for EEG classification. It demonstrates the yield 
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Figure 1.2  Data mining classification process.
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result in waveform design [33]. The overall system is given a multi-channel 
EEG stream in segments of 3 s every second, and a set of features are 
extracted at each time point and denoted as a sample. These samples are 
taken every second such that the subsequent window taken overlaps. As a 
result, the samples collected show a more gradual transition from one epi-
leptic seizure state to the next [19]. A rectangular window is applied to each 
3-second segment such that there is minimal distortion in the frequency 
response (some distortion will be present due to Gibb’s Phenomenon).

An FIR signal filter is applied to decompose the incoming EEG stream 
into its respective brain waves. Features are extracted from the incoming 
data streams starting from the beginning to the end of the EEG such that it 
simulates a real-time scenario. If a sample is extracted that contains math-
ematical anomalies resulting in values of NaN, the sample is simply dis-
carded and skipped over. The training data used is 80% of a new random 
permutation of the entire training set for every classification performed, 
and the testing data is the sample that was extracted from the current win-
dow [30, 31]. Once the classifiers have each made a prediction, a decision 
fusion algorithm uses a set of rules to come up with an initial prediction. 
This prediction is given to the state decision neurons, which use a closed-
loop algorithm to determine if a state change is necessary. Table 1.1 shows 
the various epileptic state of transient EEG cerebrum signals received and 
stored cloud from IoT-based mindset devices [3, 32].
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State of
decision
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making
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300
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Figure 1.3  Block diagram of the EEG classification.
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Since the postictal and interictal states have signal characteristics that 
are similar (both represent nonictal states), it was necessary to place the 
states next to each other (i.e. States 1 and 2). This way, if State 2 is misclas-
sified as State 1, or vice versa, then the average of several classifications will 
also be in the range of States 1 and 2. If these states were defined as States 1 
and 4, the average of several classifications would result in increased mis-
classifications of these states as States 2 or 3, which is incorrect [20]. 

The reminder of paper is organized as follows. Section 1.2, big data 
medical dataset prediction and its related work, Section 1.3 discussed 
about Hybrid Hierarchical clustering feature subsets classifier algorithm, 
Section 1.4 presents proposed system and existing systems experimental 
results comparison. Finally, Section 1.5 provides the concluding remarks 
and future scope of the work.

1.2	 Related Works

The following chapter discusses the IoT-based machine learning classifica-
tion techniques in medical field. Internet of Things-based health outweigh 
structures affair a giant contribution toward enhancement of clinical sta-
tistics structures thru automation over events control regarding patients 
and real-time transmission of medical records. Figure 1.4 shows general 
IoT healthcare monitoring system. However, digitization of identification, 
monitoring or power over patients remains a undertaking in bucolic areas 
regarding Africa, no longer after point out concerning related rule or web 
connectivity constraints defined by Arefin et al. [5].

Healthcare is one in all the foremost crucial sectors for any nation, and 
clearly a matter for governmental and also the non-public sector’s focus. 
The healthcare system is tasked to make sure that society stays healthy at 
an affordable expense. Roibu Crucianu et al. [6]. The means healthcare 
organizations square measure managed impacts the skilled growth and 

Table 1.1  Defined epileptic state in transient EEG signal.

State Epileptic state

1 Postictal state

2 Interictal state

3 Preictal state

4 Ictal state
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satisfaction of doctors, nurses, counselors and alternative healthcare pro-
fessionals the application of psychological feature computing in early inter-
vention of cancer, targeted antineoplastic drug delivery techniques like 
nanobots, 3D bio printed organs like covering for effective wound care, and 
somatic cell therapies, can alter the transition toward value-based person-
alized drugs [7]. Value-based healthcare have physicians assume the role of 
healthcare adviser to patients, therefore informing them of the outcomes, 
the worth of the designation, and also the treatments that square measure 
best prescribed for up the standard of life. Data analytics can play a large 
role in shaping healthcare organizations and their money forecasting. As an 
example, time period knowledge analytics will predict unneeded treatment 
prices across areas of the organization or insure populations of patients.

Sahu and Sharma [8] have suggested the proposed result regarding the 
challenge is in conformity with assign good yet environment friendly med-
ical capabilities to patients by way of connecting and gathering data records 
thru health repute monitors as would include patient’s morale rate, gore 
pressure and ECG or sends an fortune wary in conformity with patient’s 
medical doctor together with his present day reputation or complete sci-
entific information. 

Rghioui et al. [9] have suggested an emergency scenario in imitation of 
ship an fortune mail yet tidings after the medical doctor including patient’s 
current reputation and full clinical data can additionally lie labored on. 

Patient is connected
to smart sensors

Galileo board programmed
using Arduino IDE on

computer by connecting it
by USB cable

Microcontroller uploads
the recorded data from
sensor on web server
through internet i.e.

Wifi, Ethernet etc.

Patient can also track
his health status by

logging on web-server

Doctor tracks patient
health status from

web server

Galileoboard displays
patient data on this

LCD Display

Sensors attached
to patient sense
data and send it
to Galileoboard

Heart beat sensor

Figure 1.4  Working model of IoT-based Smart Healthcare kit.
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The proposed mannequin execute also can be deployed as much a mobile 
app then that the mannequin becomes extra mobile and effortless in con-
formity with access somewhere across the globe.

Predictive modeling can play a key role in victimization giant sets of pop-
ulation health records to spot the risks of an unwellness, therefore serving 
to doctors exclude unneeded treatments that square measure possible to 
cut back the standard of lifetime of patients, or haven’t any result the least 
bit [10]. Gope and Hwang [14] and Satija [15] analyze defects can occur 
beside malformation, injury, and disease. The quantity on deprivation fast 
is composite according to the celerity of damage. Brain malformations may 
end result into undeveloped areas, odd growth, and incorrect Genius share 
in hemispheres yet lobes, in total, 24 EEG datasets containing both ictal and 
interictal data were provided for analysis. These 24 sets can be further sub-
divided into 6-channel and 32-channel sets. The scheme of the locations of 
surface electrodes used is based on the standard international 10–20 system.

Abualsaud et al. [11] have suggested the comparison of various meth-
ods for EEG dataset provided was an example of one severe occurrence of 
a seizure (possibly atonic–clonic) and the second dataset was an example 
of a complex partial seizure. In one hemisphere of the brain followed by a 
generalized seizure several minutes later. Both of these data sets were sam-
pled at 500 Hz. The third and fourth data sets contained several minutes of 
interictal EEG data as the “baseline”, and were both followed by episodes of 
ictal activity. These two data sets were sampled at 250 Hz.

1.3	 Problem Definition

We have seen the health monitoring system, monitoring the patients by 
checking the vital parameters such as pulse rate, blood pressure, body 
temperature, growth parameters, etc. But in this thesis we are introducing 
EEG to detect abnormalities related to brain via wearable sensors. In this 
research we are using Neurosky Mind wave sensor in order to read the 
brain wave signals which runs on EEG technology. These sensors display 
the output in wave pattern. If the values are critical then it will alert the 
particular doctor of the patient.

1.4	 Research Methodology

In Proposed provision permanency including the according setup along 
performing Electroencephalography (EEG) then Electromyography (EMG) 
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in conformity with analyzed fearful law feature be able to remain ana-
lyzed for longevity, Figure 1.5 shows the proposed EEG prediction block 
diagram.

1.4.1	 Components Used

•	 Arduino Uno
•	 Temperature sensor LM35
•	 Pulse sensor
•	 EEG sensor
•	 Bluetooth module HC 05
•	 Raspberry pi 3

1.4.2	 Specifications and Description About Components

1.4.2.1	 Arduino

ArduinoIDE is a model stage in view of a moderate-to-implemented 
equipment and software coding. It comprises of a PCB, which can be pro-
gramed and software coding environment called ArduinoIDE, which is 
utilized compose and transmitted the PC coding to the physical board.

EEG

PULSE &
TEMPERATURE

SENSOR

DISPLAY

REMOTE
OUTPUT

MOBILE PHONE

CLOUD
STORAGE

RASPERRY PI

ARDUINO

WEARABLE
SENSOR

Figure 1.5  Proposed block diagram.
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1.4.2.2	 EEG Sensor—Mindwave Mobile Headset

The EEG Brainwave Starter Kit is the principal proficient EEG headset for 
home and versatile utilization. Figure 1.6 shows the proposed system mind 
wave sensor reads the EEG signal. Table 1.2 differentiate the brain wave signal 
categorization according to the frequency in terms of hertz (δ, α, β) [24]. 

Adjustable Head Band

Sensor Tip/Arm

Power Switch

Battery Area

Flexible Ear Arm

Ear Clip

Figure 1.6  Mindwave sensor.

Table 1.2  Brainwaves frequency characteristics.

Brain waves brain wave 
type Frequency range Mental states and conditions

Delta 0.1 to 3 Hz Deep dreamless sleep, non-
REM sleep, unconscious

4 to 7 Hz Intuitive, creative, recall, 
fantasy, imaginary, 
imaginary, dream

Alpha 8 to 12 Hz Relaxed (but not drowsy) 
tranquil, conscious

Low Beta 12 to 15 Hz Formerly SMR, relaxed yet 
focused, integrated

Midrange Beta 16 to 20 Hz Aware of self-surroundings

High Beta 21 to 30 Hz Alertness, agitation
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With Neurosky ease MindWave Mobile headset and neuro feedback soft-
ware sensor measures the mind’s electrical action and exchanges the infor-
mation [21].

In order to make this system accessible to epileptic patients, a small 
device with this algorithm could be implemented. Six probes, three on 
the epileptogenic focus, and three on the opposite lobe, would have to be 
installed on the patient which would input the signals into the processing 
unit, possibly by a wireless protocol such as bluetooth or WiFi. The pro-
cessing unit would have to be attached to the body in a discrete manner, 
such as a belt or something that can be worn at all times [26, 27].

1.4.2.3	 Raspberry pi

Now attach the Arduino board in raspberry pi by pressing the ls/dev/tty in 
command terminal of raspberry pi. We will get a list of devices available. 
Paste this /dev/ttyACM0 in the code. The values from the Arduino go to 
Raspberry Pi. These values are send to the cloud To see the uploaded data 
go to the webpage “health monitoring system website we created” and login 
into it, you will see the particular details as shown in Figure 1.7 below.

Figure 1.7  Home pages for EEG signal design.
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1.4.2.4	 Working

We are utilizing Arduino for mix of sensors i.e., Temperature sensor LM35, 
Pulse sensor, and EEG sensor. Raspberry Pi is incredible instrument for 
installed designs yet it needs ADC. One more downside is all its IOs are 
3.3V level. On the opposite side Arduino is great at detecting the physical 
world utilizing sensors. To get advantages of both the frameworks one may 
need to interface them. EEG sensor is associated with Arduino utilizing 
Bluetooth module HC-05. Here HC-05 go about as ace and EEG sensor 
as slave [25]. Its fills in as TTL Master/Slave UART convention correspon-
dence. Outlined by Full fastest Bluetooth task with full piconet bolster. It 
enables us to accomplish the business’ largest amounts of affectability, pre-
cision, with least power utilization [28].

Here we are using cloud of smart bridge to store the data. The data which 
is collected from the sensors is send to the cloud of domain smart bridge 
and sub domain health monitoring system through API. The patient can 
view his health details after logging-in. In this research we are using pulse 
sensor to know the patient heartbeat, LM35 to know his body temperature 
and EEG sensors to know his brain signals. So after login he will get a 
display of readings in tabular form as shown in the figure. In this research, 
we are using mindwave headset which works on EEG technology. This sen-
sor consists of one main sensor and one reference electrode. This research 
can be implemented in future by making more sophisticated by expanding 
the sensors used to read the brain waves. The main working of mindwave 
mobile headset goes in ThinkGear ASIC module chip. In this research, we 
are using TGAM chip in the sensor [22]. 

The EEG Sensor (values of Attention, Meditation), for calculation Range 
of 1–100 was taken

•	 Range from 40 to 60 is considered “neutral”.
•	 Range from 60 to 80 is slightly high, and interpreted as 

higher over normal.
•	 Range from 80 to 100 are considered “high”, that mean it is 

strong indication levels Severe levels.

1.4.3	 Cloud Feature Extraction

The most main role in creating an EEG signal classification system is gen-
erating mathematical representations and reductions of the input data 
which allow the input signal to be properly differentiated into its respective 
classes. These mathematical representations of the signal are, in a sense, 
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a mapping of a multidimensional space (the input signal) into a space 
of fewer dimensions. This dimensional reduction is known as “feature 
extraction”. Ultimately, the extracted feature set should preserve only the 
most important information from the original signal [23].

Table 1.3 above describes feature classification for EEG signal. First, a 
feature set optimization algorithm is presented which is used to do a fea-
ture set study to reveal the mathematical transforms that are most useful 
in predicting the preictal state. After this, a set of algorithms are given that 
became the framework of the seizure on set prediction system described.

1.4.4	 Feature Optimization

In order to find the features with the most potential, an algorithm was 
implemented to approximate individual feature strength with respect to 
every other feature [30]. The strength of a feature was determined by the 
accuracy with which the preictal state was classified as an average of several 
classifications. Similar to Cross-Validation by Elimination HANNSVM 
algorithm repartitions the feature set, performs a set of classifications, 
finds the best feature sets to drop, and then adjusts the feature space to 
only contain features that improve the accuracy. 

Table 1.3  EEG signal mathematical transform with feature.

Set Mathematical transform Feature number

1 Linear predictive codes taps 1–5

2 Fast Fourier transform statics 6–12

3 Mel frequency cepstral coefficients 13–22

4 Log (FFT) analysis 23–28

5 Phase shift correlation 29–36

6 Hilbert transform statics 37–44

7 Wavelet decomposition 45–55

8 1st, 2nd, 3rd derivatives 56–62

9 1st, 2nd, 3rd derivatives 63–67

10 Auto regressive parameters 68–72
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1.	 Evaluate the accuracy of the classification using all N feature 
sets.

2.	 Dropping one feature set at a time, repartitions the feature 
space into N, N − 1 feature subsets and save the accuracy of 
each sub set at position K in vector P along with the resulting 
accuracy.

3.	 Denote the index of P with the maximum accuracy as B, and 
drop all the features listed in P from B to N from the final 
feature space. 

The resulting feature set P has accuracy similar to the accuracy found 
at position B in P. Under training and overtraining must still be taken into 
consideration since it can have an effect on the accuracy of a prediction.

1.4.5	 Classification and Validation

The two methods in this section were developed to complement the clas-
sification algorithms and enhance their classification potential for noisy 
dynamical systems that change state over time. 

The first method SVM, which is called Cross-Validation by Elimination, 
is used to classify samples by testing the amount of correlation (determined 
by the accuracy of classifications) each sample has to every state and then 
remove classes that are least correlated to improve classification accuracy. 
The algorithm isolates each of the classes, compares the prediction results, 
and then makes a final decision based on a function of the independent 
predictions [23, 29]. 

Figure 1.8 is represented as EEG signal hybrid artificial neural network 
with support vector machine based (HANNSVM) classification, block 
diagram represents brain signal capture from EEG sensor with unit of 
hertz, artifact removed from the input signal, preprocessed data is seg-
ment, then sampled at Hz and a rectangular window function is applied 
[31]. An FIR filter is applied to the incoming EEG stream to decompose 
the incoming signals in to their respective brain waves. However, due to 
time constraints, only the original signals (unfiltered) are tested with the 
system. Next to extract the information/feature from segmented output 
signal. Extracted signal applied to the HANNSVM machine learning 
algorithm [32, 33]. 

This method puts testing samples that were weakly classified into 
classes that make accuracy. The second method, State Decision Neurons, 
Artificial Neural Network (ANN) is used to automatically make decisions 
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about when to transition to the next defined state [34]. This algorithm, 
when used in conjunction with a set of classifiers, enables the system to 
make decisions based on previous predictions, a closed-loop system if you 
will. When there are three or more states to distinguish between in a noisy 
system, state decision neurons are useful in determining the appropriate 
moments to transition to another state. Figure 1.9 completes flow of EEG 
proposed EEG-based classification system.

1.5	 Result and Discussion 

1.5.1	 Result

The proposed methodology is applied by making use of PYTHONIDE 
on Intel(R) Core(TM) i5-2410M CPU @ 2.30 GHz and 16 GB RAM. The 
performance evaluation of the researcher’s proposed HCFS-Hierarchical 
clustering is done on particular medical field disease since it affects lifetime 
motion inability. The statement of facts relating to EEG data is collected 
from different unsorted sources in various ways.	

Independent
components

EEG multi channel signal Artifact removal Feature
extraction

HANNSVM
Classification

Output result

SVM

ANN
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A set of experiments were performed to determine characteristics about 
the response of ictal EEG data to several mathematical techniques. Finally, 
an emulator of a system that could take in a multi-channel EEG stream 
and return seizure status indicators was created. Table 1.4 represents EEG 
signal seizures proposed HANNSVM system result. The first experiment 
was to create and test a framework that could be used to transition between 

Step 1:  EEG consists over Electrodes as is placed of su�erer’s worst yet the readings 

displayed as much brainwaves. 

Step 2:  Data is collected from the EEG sensor and Pulse Sensor longevity and processed 

in conformity with Arduino Microcontroller. 

Step 3:  Raspberry-Pi who is a Gateway interfaces all the modules over the regulation or 

longevity collects the digital data beyond Arduino Microcontroller yet stores among planet 

Server. 

Step 4:  Longevity Electrical activity on the Genius built by way of neurons are displayed 

about the rule which is connected via the Raspberry-Pi.

Step 5: Same information is processed according to star storage and in contrast with a 

notice Data .

Step 6: Computed results are analyzed with HANNSVM Levels or same records is 

permanency toughness shared with Doctor because medication. 

Step 7: Advantage together with the system is velocity level concerning the CP is 

anticipated and also with designed algorithm function the subsequent podium on 

toughness speed degree do lie predicted. Diagnostic Process entails the accordant steps: 

step1:    Medical History analysis  

step2:    Clinical monitoring 

step3:    Store medical Conditions, Additional-Mitigating Factors, yet conditions-

Out Other  Conditions

step4:     Final test Results 

step5:     Identi�cation 

step6:     Obtaining an optional suggestion 

step7:     Determining diseases 

step8:     Embracing a Life along Cerebral Palsy 

Figure 1.8  Pseudocode for proposed EEG prediction system.
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a number of states based on the predictions of HANNSVM classification 
algorithms [35–37]. This initial testing was done using the EEG data pro-
vided by the Stanford University Kaggle dataset. All subsequent experi-
ments use the data provided by the Frieburg Seizure Prediction Project. 
This was done because it was easier to assess the accuracy of the system 
using several cases of seizure from the same patient. The second phase 
experiment focused on determining a feasible duration of the preictal state 
that best expose EEG characteristics that lead up to the ictal state. 

In this experiment, training and testing data are unrelated and from dif-
ferent seizure cases, but all recorded and find the optimal feature sets that 
maximize the accuracy of the prediction. These experiments show the rel-
ative strength of each of the classification algorithms and also approximate 
the behavior of the state transitions [38, 39]. Tonic–clonic seizure activity is 
generally easy to see visually in an EEG as the amplitudes of the signal start 
to peak and a different set of frequencies are prevalent [40–42]. This served 
as an easy indicator of the workings of the seizure predictions system. Since 
there is no gold standard number of unique states to distinguish between in 
ictal pattern recognition, an initial guess of 5 states were defined in Table 1.5. 
This guess was made by visually determining sections of EEG signal that were 
most unique [43]. To keep any confounding variables constant, the training 
and testing data used were taken from the same seizure case where 80% was 
used as training, and 20% was used as testing (random new permutations 
for every classification) [44–46]. The distinction made between the Seizure 
Onset Period and the Preictal Period was done to determine if there was a 
more gradual transition between the preictal and ictal seizure states [47–49]. 

The results of this experiment were able to show the efficacy of the state 
decision neurons for making state transitions and the decision fusion which 
was used to improve the classification [50–53]. Also, a module was created 
to segment the multichannel EEG signal, apply a window function, and pass 
it on to the system at the appropriate time intervals. This made it possible to 

Table 1.5  Initially defined epileptic states.

State Epileptic state

1 Normal, calm

2 Seizure onset period

3 Preictal

4 Medium seizure state

5 Full seizure state
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emulate a more realistic scenario. As a sub-study, the stepwise feature opti-
mization algorithm is used in this experiment to determine the feature sets 
that result in the highest accuracy predicting the preictal state. Within the 
100 s prior to seizure onset, time frame was given to localize the preictal state 
to a region of time that was not unreasonably short or long, but just enough 
for seizure intervention methods to be successfully executed [54–56].

For this and all subsequent experiments, the data provided by the Seizure 
Prediction Project in Standford University is used for testing. In this exper-
iment, the training and testing data were partitioned from the same dataset; 
80% was used as training data and 20% was used as testing data. The states 
were redefined as seen in Table 1.5 for this, and all subsequent experiments. 
The epileptic state definitions for all the EEG streams (specifically, States 1, 
2, and 4) were defined by the respective researchers who provided the data 
for this research. State 3, or the preictal state, was initially defined to be one 
second before State 4. In this experiment, the duration of the preictal state 
was iteratively increased to 100 s, and a series of classifications were done at 
each step for each brain wave [57, 58]. The best features for each iteration were 
saved. This gave an estimate as to how long a feasible preictal state (one that 
could be predicted) would be for each of the patients, and for each type of 
epilepsy [59]. Figure 1.9 displays the EEG seizure features prediction for True 
positive rate vs false positive rate (receiver operating characteristic curve).

1.5.2	 Discussion

Using the knowledge gained from the previous experiments, a balance of 
all the algorithms features and other parameters were combined in order 
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to come up with a prediction model capable of detecting the EEG state in 
Table 1.5 is discussed. In its fundamental form, this last experiment is an 
emulation of what would happen in a real situation and designed with a 
realistic point of view to make sure that the feasibility of constructing such 
a device with this algorithm would be preserved. In addition, the seizure 
prediction was empirically defined as seconds to safely provide enough 
preictal data for all of the seizure cases. This seizure prediction horizon 
was dynamically defined as each of the training sets were constructed for 
each case that was real time data tested. For each testing case, the training 
data consisted of all other seizure cases from the same patient.

All of the algorithm feature sets results described in Table 1.6 is 
extracted from the signals as the testing sample. Since there are feature 
sets that compare each of the channels to each other, the emulator is sup-
plied data segments from all of the channels at once for each 3-second 
segment. The performance analysis of Hybrid Artificial Neural Network 
with Support Vector Machine (HANNSVM) is compared with the existent 
methods. Such methods used for analysis are one-class SVM method [12], 
neural network [13]. The one-class SVM classifiers are then executed with 
the respective training and testing sets described, and their predictions are 
given to the decision fusion based module. The neural network algorithm 

Table 1.6  Feature sets that resulted in the highest 
prediction accuracy for patient dataset.

ID HANNSVM SVM Neural network

1 77 74 72

2 69 66 63

3 58 59 57

4 77 74 71

5 76 71 64

6 81 76 71

7 83 79 77

8 79 71 69

9 84 77 73

10 81 78 77
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reduction of a new permutation of the training data is done where the 
training data used is a combination of all the seizure cases from the same 
patient except for the case being used as testing. neural network algorithm 
is also applied to the testing sample using the same parameters so that the 
testing data is properly scaled with the training data. The parameters used 
for performance analysis are classification accuracy and running time. 
Accuracy is measured where is perfectly identified count of true positive 
records and is the absolute count of positive records for infected person 
category. The combination average value of NIMH patients’ data and MIT-
CHB patient data average values are shown in Table 1.6 and Figure 1.10. 
The performance analysis in Table 1.6 exhibits the enhanced accuracy 
based on patient EEG features of Hybrid Artificial Neural Network with 
Support Vector Machine (HANNSVM) over other existent methods. The 
pictorial representation of performance analysis is shown in Figure 1.10.

The combination average value of NIMH type of epilepsy data and MIT-
CHB type of epilepsy data average and calculate the total averages. The per-
formance analysis in Table 1.7 exhibits the type of epilepsy based accuracy 
values of Hybrid Artificial Neural Network with Support Vector Machine 
(HANNSVM) over other existent methods. The pictorial representation of 
performance analysis is shown in Figure 1.11. 

The research has been tested perfectly and successful results are achieved. 
These results are successfully uploaded to the cloud using Raspberry Pi. 
Protocols like SPI have been understood and verified its functionality with 
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practical implementation. The research justifies the terms “Embedded 
System” and “Internet of Things” as it is integrated the hardware and soft-
ware serving for dedicated application via internet as a medium for data 
transmission and storing the information. After verifying the results, it 
is proved that designed research can be used for real-time environment 
without any error absolutely. The usage of internet of things technology 
helped the research to access the web portal globally. Such that by seeing 
the results respective step is taken to prevent before the health condition 

Table 1.7  Feature sets that resulted in the highest 
prediction accuracy for each type of epilepsy.

Type HANNSVM SVM Neural network

Frontal 85 81 79

Temporal 89 73 72

Parietal 91 74 73

FT 83 79 80

TO 89 83 81

TP 78 74 71

Total 85.83 77.33 76
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of patient is going even worse. The system is able to provide the solutions 
for the problems faced in real time and perfect achievement is succeeded.

1.6	 Conclusion

This research presented new hybrid methods and algorithms to enhance 
the prediction of ictal states. Several experiments were proposed to deter-
mine the behavior of a possible preictal state of both NIMH patients’ data 
and MIT-CHB data. A study of the feature sets that maximized the accu-
racy was completed. Finally, an emulator was tested with pythonide with 
single channel to the frontal lobe of the brain and compared three algo-
rithm results in a real-time environment. Since there is usually critical 
damage causing the seizures, there is an indeterminate number of possible 
confounding variables. For this reason, the prediction system was designed 
to learn and predict seizures from within the same patient.

At the time point of each state transition, the appropriate flags are set on 
the processing unit, which trigger indicators. For a state transition to sei-
zure onset, an indicator should go off and the unit should begin to vibrate. 
At this point, if it is possible to administer AEDs directly to the brain, it 
should be done either manually or automatically through an implanted 
drug reservoir. If the patient then transitions to an ictal state regardless 
of the treatment, an alarm should sound to warn others and appropriate 
medical attention should be called upon, automatically. The device should 
record the EEG data for each seizure that happens and use it later for 
learning. It should also store some metadata about the seizure along with 
some vitals such as body temperature and heart rhythm. This type of data 
could help doctors better understand a patient’s condition as well as the 
progression and development of the condition over time. In the proposed 
system of Hybrid Artificial Neural Network with Support Vector Machine 
(HANNSVM) based classification attain better accuracy in terms of effi-
ciency and time duration.

1.6.1	 Future Scope

This proposal, seizure prediction has been reduced to less than 10 vari-
ables. Improving the method of optimizing all the necessary variables 
would make the system work more efficiently and would result in less time 
with a specialist. Lastly, research must be done on the transition from the 
ictal state back to the interictal state to see how long after a seizure the EEG 
returns completely back to normal, allowing the system to learn to reset 
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itself accurately and automatically. These additions would help reduce the 
number of false positives and make the implementation more robust and 
reliable.
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