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요  약  이 연구는 비동기 매커니즘을 바탕으로 닫힌 눈(eye-closed) 및 이중 블링크 (double-blinking) EEG를 

사용하여 BCI를 개발하는 것을 목표한다. 제안된 시스템은 신호 처리 모듈과 그래픽 사용자 인터페이스 (VK- 

가상 키보드)로 구성되어 있으며 26개의 영문자와 특수 기호로 구성됩니다. “눈 닫기”이벤트는 “선택”(select)명

령을 유발하는 반면, “이중 블링크”(DB) 이벤트는 “실행 취소”(undo) 명령에 따라 실행합니다. 3개의 이벤트 그

룹 (“열린 눈”(eye-open, “닫힌 눈” (eye-closed)및 “이중 블링크”(double-blinking)에 대한 EEG 신호 분석과 관

련된 3 등급 벡터 보조 분류 (SVM) 기계가 제안되었습니다. 결과는 제안된 BCI가 평균 92.6 %의 전체 정확도

와 5 글자 / 분의 맞춤법 비율을 달성 할 수 있음을 보여주었습니다. 전반적으로 이 연구는 실제 BCI 맞춤법을 

구현하기의 실현 가능성과 신뢰성으로 인해 정확도와 철자 비율의 향상을 보여주었습니다.

• 주제어 : 두뇌 - 컴퓨터 인터페이스, 뇌파 (EEG), 스펠러, “eye-closed” EEG신호를, (double-blinking) EEG를, 

Support Vector Machine (SVM) 

Abstract This study aims to develop an BCI speller utilizing eye-closed and double-blinking EEG based on asynchronous 

mechanism. The proposed system comprised a signal processing module and a graphical user interface (virtual 

keyboard-VK) with 26 English characters plus a special symbol. A detected “eye-closed” event induces the “select” 

command, whereas a “double-blinking” (DB) event functions the “undo” command. A three-class support vector machine 

(SVM) classifier involving EEG signal analysis of three groups of events (“eye-open”-idle state, “eye-closed”, and “double 

-blinking”) is proposed. The results showed that the proposed BCI could achieve an overall accuracy of 92.6% and a 

spelling rate of 5 letters/min on average. Overall, this study showed an improvement of accuracy and the spelling rate 

resulting from in the feasibility and reliability of implementing a real-world BCI speller. 

• Key Words : Brain-computer interface (BCI), electroencephalogram (EEG), speller, eyes-closed EEG, double-blinking EEG, 

Support Vector Machine (SVM)
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Ⅰ. INTRODUCTION

Communication plays an critical role in human 

daily activities and relationships. For people who 

suffer from severe disabilities, it turns out to be 

limited or even impossible to communicate with 

the community. In the past decade, BCI has 

become a new effective technology in assisting 

people with disabilities to enable them to 

communicate effectively with the whole community 

[1]-[3]. It has established a direct communication 

path way to control the external devices rather 

than using the conventional path ways (i.e., 

peripheral nerves or muscles). BCI speller is one 

of the common BCI-based applications which 

utilizes the brain waves to present patient’s 

thoughts [4], [5]. Recently, P300-based speller in 

combination with advanced signal processing have 

been introduced in [6], [7]. MI was also employed 

to develop BCI spellers due to its natural 

interaction during operation [8], [9]. To the best of 

our knowledge, SSVEP is the most common use in 

developing a BCI speller resulted from high 

accuracy and multi-command system it can offer 

[10]-[13]. However, BCIs based on these EEG 

signals usually have their several limitations. For 

example, the users could suffer from visual fatigue 

resulting from prolonged use of SSVEP-based 

systems. On the other hand, the low spelling rate, 

low accuracy and limit of number of commands 

(i.e., left, right motor imagery, and foot) might be 

issues in the case of MI-based system. Especially, 

the spelling rate of these MI-based spellers are not 

comparable with SSVEP-based speller [8], [9]. For 

instance, the spelling speed obtained 1.99 (letters/ 

min) on average for a three-class MI-speller [9] and 

2.3 to 5 (letters/min) for a two-class MI-speller [8].

Synchronous BCIs analyze brain signals during 

pre-defined paradigms or mental tasks [14]. Thus, a 

BCI command is only generated within fixed time 

window determined by system. On the other hand, 

asynchronous BCIs continuously analyze the brain 

signals and send the commands without any 

concern for a well-defined time window [15]. As a 

result, asynchronous mechanism offer more natural 

interaction between human and machine compared 

with the synchronous one.

In this study, we come up with eye-closed EEG 

to control a speller based on asynchronous 

mechanism. The proposed system was design to 

handle less-command BCI applications. For 

instance, the command resulting from the 

eye-closed event is used to operate the interface by 

inducing the “select” command. Besides, a 

double-blinking event is used to generate the 

“undo” command to get the system back to the 

previous state. As a result, the proposed system 

simultaneously explores two brain patterns from 

two different locations on the scalp. In turn, the 

EEG signal acquiring from the occipital cortex 

(O1-O2) was typically used to detect the “EC” 

event whereas the EEG signals recoding from the 

frontal cortex was used to detect the “DB” event.

A three-class SVM model is employed as the 

classifier in this study.

Ⅱ. METHOD 

2.1. Headset and Channels

A 16 channel headset (Cognionics Inc.) was used 

for EEG acquisition (Fig. 1(a)). Since, the current 

study used a 2D feature for classification, the EEG 

signal were collected from different areas on the 

scalp. In turn, a bipolar channel (i.e., Fp1-Fz) for 

acquiring the EEG signal from the frontal cortex 

and another bipolar channel (i.e., O1-O2) for 

acquiring the EEG signal from the occipital cortex 

(Fig. 1(b)). EEG signals were sampled at 500 Hz, 

and band-pass filtered between 0.1 and 40 Hz 

before transferring to a computer for analysis.
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Fig. 1. Headset and the channel positions.

2.2. Virtual Keyboard Design

Fig. 2. Demonstration of proposed Virtual Keyboard.

Fig. 2 shows the interface of the virtual 

keyboard. The interface comprises 3 layers. Each 

layer was composes of 3 portions which contains 

several letters in the English alphabet keyboard. It 

is noted that the highlighted partition with green 

color was automatically “turn” clockwise at the 

constant speed of 2 s/partition. Whenever the EC 

event was captured, the turn will stop immediately 

at the current partition where the highlighted one 

was overlapped with.

2.3 Signal Processing

The current study investigates several features to 

find out the best one for the model. Those features 

are based on both time domain and frequency 

domain. For the time domain-based features, the 

raw EEG signal was notch passed at 60 Hz to 

reject the power line noise and band passed from 

0.5 to 40 Hz which is typical frequency band of 

the brain waves. For the frequency domain-based 

features, a 2048-point FFT was applied for each 1s 

windowing EEG signa. Thus the frequency 

resolution is calculated to be 500/2048~0.244 Hz. 

It turned out that the combination of 2 best 

1D-feature which are ePSD (Energy of the Power 

Spectrum Density) over the 10-12 Hz frequency 

band in (O1-O2) channel and eEEG (Energy of the 

EEG waveform) in (Fp1-Fz) channel was used for 

three-class classification in the proposed model. 

Moreover, considering of improving the spelling 

rate, 1-s time window was picked as the analyzing 

window for the online model. Experimental setup 

is shown in Fig. 3(a) whereas an example of EEG 

signal processing procedure is shown in Fig. 3(b).

Fig. 3. (a) Photo of the offline experiment, and (b) 

demonstration of signal processing of the EEG signal.

Ⅲ. RESULTS

In order to find out the best 2D-combination 

feature for the final three-classes model, we first 

evaluate the classification performance of three 

different features acquiring from O1-O2. Those 

features include energy of EEG waveform, relative 

alpha power ratio and the energy of the PSD 

signal over the frequency band 10-12 Hz. As a 

result, the comparison of three ROC curves of 
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(a) (b)

Fig. 4. (a) Comparison of three ROC curves of three SVM classifiers utilizing three different features extracted 

from (O1-O2 channel, and (b) Comparison of two ROC curves of two SVM classifiers utilizing two different 

features extracted from (Fp1-Fz) channel.

three SVM classifiers utilizing three features is 

shown in Fig. 4 (a). Obviously, the best 

performance was achieved by utilizing the feature 

energy of the PSD signal over the frequency band 

10-12 Hz. Moreover, the feature energy of the 

EEG waveform-induced classification result obtains 

its poor performance in classifying these three 

classes. On the other hand, the 1D second feature 

selecting from (Fp1-Fz) channel is also evaluated. 

Fig. 4 (b) demonstrates the comparison of 

classification performance between two selectable 

features which are energy of the EEG signal and 

the energy of the PSD signal over the frequency 

band 0.5-4 Hz. Apparently, these two features 

obtain a similar performance due to the slightly 

different between two ROC curves. In particular, 

the AUC (area under curve) resulting from two 

SVM classifiers are 0.96 and 0.95 for the energy 

of EEG signal and the energy of the PSD signal 

over the frequency band of 0.5-4 Hz, respectively. 

It turns out that the combination of the energy of 

PSD signal over the frequency band of 10-12 Hz 

acquiring from (O1-O2) channel and the energy of 

the EEG signal acquiring from the (Fp1-Fz) 

channel is chose to be the best feature for the 

final three-class model.

Fig. 5. Classification map utilizing 2D-feature: energy 

of EEG (Fp1-Fz) and energy of PSD of EEG (O1-O2).

Fig. 5 demonstrates the classification results of the 

2D-combination feature which comprises of the 

energy of PSD signal (O1-O2) channel over the 

frequency band of 10-12 Hz and the energy of 

EEG signal in (Fp1-Fz) channel. Obviously, the 

model can well distinguish between EC event and 

the other two classes (EO and EB). Moreover, the 

overlapping area between two groups EO and EC 

was quite small. For instance, The misclassification 

of “class 1”, “class 2”, and “class 3” are 7.2%, 

7.3%, and 3.4%, respectively. 
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Table. 1. Confusion Matrix

N=693 Predicted EO Predicted EC Predicted EB

Actual EO 256 22 2

Actual EC 24 255 1

Actual EB 1 2 130

Table. 2. Online Results

Subjects
No. of 

commands
Accuracy 

(%)
Spelling rate 
(letters/min)

S1 67 91.22 4.83

S2 65 92.98 5

S3 63 94.73 5.18

Mean 65.4 92.98 5

Table 1 shows the classification results of three- 

class model in terms of confusion matrix. Total 

693 samples were used in the training process. 

Results show that total 256 samples were correctly 

detected among 280 EO samples. Likewise, there 

are 255 samples were correctly classified as EC 

among total 280 samples. Moreover, there are 130 

samples were classified correctly as EB events 

among total 133 EB samples.

Table 2 illustrates the online testing results of 

spelling given input text "bcispeller" with 10 letters 

for 3 subjects. Generally, the accuracy obtains 93% 

on average resulted in a average spelling rate of 5 

letters/min.

IV. CONCLUSION

There are only two EEG-induced commands 

employing in the current BCI-based speller. EC 

event results in generating the “select”command 

whereas the “undo”command resulted from DB 

event. Moreover, the eye-blink artifact was also 

detected for rejection.

The novel design of virtual keyboard in 

combination with less channels (two-channel BCI) 

and less commands being used, can induce a 

reliable speller in terms of practicability, accuracy 

and spelling rate.

Further studies will performed the dynamic 

graphical user interface based on the Bayesian 

theory. Thus it can predict the most likely 

character can be the next character. It turns out 

that the user interface will automatically update its 

state by putting the most likely partition at the 

starting position of the interface, resulting in 

saving the spelling time.
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