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Abstract— In this paper, the design of a smart headband for 

epileptic seizure prediction is presented. Epilepsy is the 

fourth most common neurological disorder and affects people 

of all ages. Epilepsy is characterized by unpredictable 

seizures and can cause other health problems. The seizures in 

epilepsy may be related to a brain injury or a family tendency, 

but often the cause is completely unknown. This paper aims 

at creating a solution which can predict that a seizure is about 

to occur so a caregiver and/or the user can pause what they 

are doing and take appropriate preventative action. In this 

solution we have used an IOT Brain Sensing Headband, and 

Raspberry Pi Zero for processing. We also will use machine 

learning to train our neural net to predict the seizure before it 

occurs. The solution aids to create a cost effective solution to 

help Epilepsy Patients using IOT and Deep Learning. 

Key words: Deep Learning, IoT, Epileptic Seizure Detection, 

EEG 

I. INTRODUCTION 

Epilepsy is one of the most common neurological disor- der. 

Epilepsy is a major neurological disorder in terms of 

prevalence, cumulative incident count, as well as in terms of 

induced trauma and induced social disability. According to 

the World Health Organization (WHO) report on epilepsy, 

80% of patients with epilepsy live in low- and mid-income 

countries. Patient responding to prevalent cure like 

medications and surgery are approximately 70%,  while  

approximately  30% of the patients are untreated or  poorly  

treated  because  of  the following reasons, i) seizures diffuse 

over an excessively large area, or ii) seizures occur in 

sensitive area of eloquent cortex that may not be surgically 

treated, iii) seizures have multiple focus (multi-focal 

seizures) which are thus difficult to individual localization 

and in practice impossible to surgically treat, and finally iv) 

surgery may not be tolerable due to specific medical 

conditions. There is a huge need to create      a cost effective 

and easy to use solution to be able to detect and predict 

seizures in epilepsy patients for them to be able   to live 

normal lives without staying in the fear of their next seizure. 

II. LITERATURE SURVEY 

About 65 million people in the world are affected [1].  One of 

the treatments is to use anti-epileptic drugs to control 

epileptic seizure, but nearly 30% of the patients are resistant 

to epileptic medicine [2], [3]. The other therapy is to remove 

the epileptogenic zone by the resection surgery. Nevertheless, 

the patients above will still suffer seizures occasionally, 

which will affect the patients’ quality of lives, and further 

trigger dangers to patients themselves and the people around 

them. Roughly, 1% of the population lives with anxiety 

around their next seizure event. Anti-convulsant medication 

does not help at least 20% of those afflicted, but also carries 

negative side effects in high doses. This fear stands in the way 

of performing everyday tasks like driving a car or swimming. 

Several prosthesis devices with deep brain stimulation [4], [5] 

become popular clinical solutions. These devices use the 

open- loop continuous neural stimulations to control medical 

refrac- tory epilepsies complementary with the limited 

effective rate around 45%. To overcome the above 

limitations, researchers [5]–[8] proposed a close-loop 

epilepsy prosthesis device with temporospatial seizure 

detection and therapeutic stimulation responsively There 

exist devices that can detect that a seizure is occurring, but 

we aim to build a wearable EEG device that can predict that 

a seizure is about to occur so a caregiver and/or the user can 

pause what they are doing and take appropriate preventative 

action. Along with the prosthetics several wearable devices 

have also been developed which use ECG, EMG or body 

motion to detect seizures. However for seizures EEG Signals 

are the most bio potential signal. Therefore it is of utmost 

importance to develop a Smart Headset for the prediction. 

III. PROPOSED SYSTEM 

The proposed system includes the use of a smart headband 

such as the NeuroSky MindWave Mobile, a processing  

device like the Raspberry Pi Zero and the corresponding 

Mobile Application integrated with cloud service computing 

for seizure detection, buzzer alarming and EEG 

recording.The application scenario of proposed system is 

shown in Fig. 1. The smart headset is used for seizure 

detection.When a seizure is detected, corresponding 

Application will give notification  to the patient’s family for 

emergency procedure and will also upload 30-60 seconds pre-

ictal and ictal EEG signals to the cloud for doctor to 

diagnosis the patient in clinical visits. 

 In the architecture for the given system, This headset 

will stream the data to our raspberry pi via bluetooth. Then 

the Raspberry Pi Zero will format the data like our training 

samples and run inference on it to predict the onset of a 

seizure. 

Fig. 1: Application Scenario of the Proposed System 

1) EEG Headset:  

These headsets sense the electrical activ- ity inside a person’s 

brain using a technique known as electroencephalography, or 

EEG. The technique works like this: Electrodes are placed on 

the surface of some- one’s head; these electrodes can measure 

the electrical signals produced by the brain’s neurons through 
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the scalp. In the proposed system this EEG Headset will 

continuously the sense the electrical brain signals and 

transmit the data to the processor via bluetooth. This device 

senses and tracks raw EEG Data of the brain. 

 
Fig. 2: Design of the Smart Headset 

2) Raspberry Pi Zero:  

The Raspberry Pi is a series  of  small single-board computers. 

The Raspberry Pi Zero has smaller size and reduced 

input/output (I/O) and general-purpose input/output (GPIO) 

capabilities. In this system we use the Pi to run our 

convolutional neural net and test the raw EEG Data against 

our data set to alert the patient in case of an oncoming 

seizure. 

3) Mobile Application: 

The Mobile App is used to view an interface of the EEG 

Data and give alerts to the user and the relatives of the user. 

It is connected to the EEG Headset via Bluetooth Interface. 

The data is also stored to the cloud via the App for future 

clinical use by doctors to treat the patient. 

4) Cloud System:  

This is software hosted on the  cloud which is accessible by a 

mobile application. This system is used to register all the EEG 

Readings which it reads from the headset and store it for use 

for clinical reading in future. 

A. Measurement Position: 

The headset is positioned to forehead where there is no 

hair interference, which can be measured without 

conductive adhesive. As a result,a gener- alized onset 

seizure is the target type of epileptic  seizure, since this 

type of seizure affects the subject’s entire brain.  The 

measurement position is shown in Fig. 3. 

 
Fig. 3: Design of the Smart Headset 

B. Headset Design : 

Electroencephalography (EEG) is an 

electrophysiological monitoring method to record 

electrical activity of the brain. It is typically noninvasive, 

with the electrodes placed along the scalp, although 

invasive electrodes are sometimes used, as in 

electrocorticography. EEG mea- sures voltage 

fluctuations resulting from ionic current within the 

neurons of the brain.The Headset Outputs 12 bit Raw- 

Brainwaves (3 - 100Hz) with Sampling rate at 512Hz. It 

also Outputs EEG power spectrums (Alpha, Beta, etc.) 

C. Application Design: 

An Application is designed based on the application 

scenario as shown in Fig. 11. When a patient has 

epileptic seizure, the Application will record the patient’s 

location and health status. When the epileptic seizure is 

detected by the smart headband, the App will send 

notification to patient’s family members or his or her 

doctors for necessary support. After logging in the App, 

the user interface consists of three main pages: 1) 

condition  page,  2)  location  page  and 3) information 

page. It displays the status of Bluetooth connection and 

data representation. The data received, such as EEG 

signal and epileptic seizure detection result from headset, 

will be shown in a 5-minute time scale. This data will be 

also sent to the cloud database and saved as the history 

of patients’ health record. Once an epileptic seizure is 

detected by the headset, this App will call the related 

people such as patients’ family and send the patients’ 

locations. For location page it will detect patients’ 

location in real time. It can also send location message to 

patients’ family manually by the button  of “Send 

Location.” On the information page, it can display 

patients’ history of patients’ health record and the 

frequency of epileptic seizure per day for one month. The 

Headset starts sampling raw data once it is swtched on. 

When a sufficient number of samples are collected, 

epileptic seizure detection result can be determined, 

these data will be transmitted to the Raspberry Pi via 

bluetooth. The Pi BLE module will transfer data to the 

App. This App can display raw data and epileptic seizure 

detection result in a real-time manner. 

 
Fig. 4: Application Design Scenario 
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IV. EPILEPTIC SEIZURE DETECTION ALGORITHM  

This section will describe the epileptic seizure 

detectionalgorithm [20], [21].By combining the multi-band 

EEG power spectrum with approximate entropy (ApEn) to 

classify the seizure and non-seizure EEG segments can 

perform very  well. The time-domain and frequency-domain 

characteristics of EEG signals were integrated as the features 

and the linear discriminant analysis (LDA) [21], [22], which 

was utilized as the seizure classifier to reduce computational 

cost. The flow chart of the epileptic seizure detection 

algorithm is shown in Fig. 5. In order to achieve accurate 

online seizure detection, EEG data corresponding to seizure 

and non-seizure were utilized for feature extraction and 

classifier training. 

A. Data for Analysis and Training 

The performance of the epileptic seizure detection algorithm 

is validated by using Boston Children’s Hospital’s CHB-MIT 

scalp EEG clinical database [23]. It comprises  more  than  

906 hours of surface EEG data and contains seizure patterns 

from 24 different epilepsy patients. The channel FP2-F8 is 

utilized for training, which is similar to the measurement 

position of smart headband. Two essential stages of EEG 

signal processing are performed in this study. In the first  

stage, continuous EEG signals of each epilepsy patient are 

recorded for feature extraction corresponding to seizures and 

non-seizures. These spontaneous events are used to train the 

seizure classifier program offline. While the parameters of a 

seizure detection model are determined, the parameters are 

downloaded to the processor to perform the online seizure 

detection over the testing data. 

 
Fig. 5: Flow Chart of Detection Algorithm 

B. Feature Extraction 

Approximate entropy (ApEn) is the measurement that quan- 

tifies the regularity of time series. It has been used for the de- 

tection of epilepsy recently [24], [25]. Previously we 

observed that ApEn is a good feature to discriminate between 

seizure and non-seizure. When the subject has epileptic 

seizure, the value of ApEn analysis will decrease because the 

EEG signals of a seizure are more regular than those in 

normal state. The frequency bands whose power changes are 

highly correlated with seizure can perform as the 

complementary features of entropy to reduce false detections 

during movements. 

C. Classifier 

Sixteen feature indexes (ApEn and 15 frequency bands from 

0Hz to 100Hz) are fed into a classifier to verify seizure 

occurrences. A linear classifier, linear discriminant analysis 

(LDA) [21], is implemented in this work. The LDA is often 

used to reduce the dimensions of classification problems by 

separating the data into different classes and minimizing the 

data distribution of the same class in the feature space. 

Analaysis.PNG Analaysis.PNG Analaysis.PNG 

 
Fig. 6: Spectral Analysis of Seizure 

D. EEG Data for Training and Testing 

Two essential stages including offline training phase and 

online testing phase of EEG signal processing are performed 

in EEG data of the CHB-MIT scalp EEG clinical database. 

FP2- F8 Channel of the EEG database is used for the 

measurement position of smart headband. In the training 

phase, continuous EEG signals of each subject are recorded 

for marking and training. The marked events are used to 

extract ApEn and FFT values, train LDA classifier, and 

search the best thresholds. In the testing phase, the parameters 

of a seizure detection model, including 1-coefficient of LDA 

classifier and 1-threshold of seizure determination, are 

determined, and then downloaded to the Raspberry Pi Zero. 

Afterward, online seizure detection testing is performed in 

the Pi. 

E. Threshold Determination Method 

The distribution of seizures’ and non-seizures’ values of LDA 

is used for threshold determination method in this work [26]. 

We use the mean and the multiples of standard deviation to 

determine the best threshold for epileptic seizure determi- 

nation. The threshold determination method is shown in Fig. 

The following is the steps of the threshold determination 

method, and the flowchart of fast parameter determination 

method is depicted in Fig. 

1) We calculate the LDA value with 1-coefficient of LDA 

classifier. 

2) We compute the mean and the standard deviation of 

actual non-Seizure’s LDA value, so Threshold can be 

written as Threshold = nonSeizure0s LDA + i × (non- 

Seizure0 s LDA) 

3) We test the detection rate and the false detection rate for 

Threshold which is determined by step (2). 

4) Finally, we can select the best threshold from the test in 

Step (3). 
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Fig. 7. Flow chart of the threshold determination method 

V. EXPERIMENTAL RESULTS 

The system captures EEG signals, transmits the signal to   Pi 

Device via Bluetooth protocol, and displays raw data on the 

APP in real time. After 1-coefficient of LDA classifier and 1-

threshold of seizure determination are selected from the 

training phase, the mixed-signal MCU enters the testing 

phase based on these selected parameters.The digital EEG 

signals from the CHB-MIT scalp EEG clinical database are 

converted into analog signals by a Digitalto-Analog 

convertor. After raw data are captured and detection result is 

determined, the headset will transmit raw data and detection 

result to the Application via Bluetooth. When seizure is 

detected, the Application will give notification to patient’s 

family and also upload seizure event, such as time, location 

and 30-60 seconds EEG signals before seizure to cloud for 

doctors to diagnosis the patient. 

 
Fig. 8. (a) EEG waveform of non-seizure from database 

(b) EEG waveform of seizure from database 

VI. CONCLUSION 

In this work, a smart headband combined with a 

corresponding App for epileptic seizure detection is 

presented. Besides, corresponding App’s for epilepsy patients 

and medical doctors was also developed to record seizure 

events and location for patients. This compact smart 

headband with a corresponding App for epileptic seizure 

detection can improve the patients’ quality of life by 

monitoring their health conditions at anytime and anywhere. 

These continuous EEG signals were recorded in normal daily 

living conditions. And ApEn and FFT are combined as the 

features in our algorithm to reduce false detections during 

movements. This work only uses one channel (FP2-F8) for 

seizure detection to avoid using conductive adhesive. 

Therefore, only generalized onset seizure can be detected. In 

order to extend the scope to detect focal onset seizure, a multi-

channel system is necessary. Designing a headband with 

multi-channel detection capability is one of our future 

research direction. 
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