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Abstract—This paper describes the development of a syn-
chronous, online brain computer interface (BCI) system based on
detecting the steady-state visual evoked potential (SSVEP). The
system includes a programmable visual stimulator, EEG ampli-
fier with filter system, data acquisition card, and signal process-
ing and classification algorithms. Two types of experiments were
carried out; training experiments were conducted to determine
three optimal frequencies for each and every subject. For the
testing experiments, three visual stimuli were presented simulta-
neously to the subject. Subject was required to focus his/her
attention only on one of the target stimulus, and the system will
detect the targeted stimulus the subject was focusing on. Five
subjects have participated in the study with average detection
accuracy of 83.10%.

Index Terms— brain computer interface (BCI), electroe-
ncephalography (EEG), steady-state visual evoked potential
(SSVEP).

I. INTRODUCTION

A brain-computer interface (BCI) is a system that allows
human to communicate with a computer by using brain sig-
nals. By acquiring and translating the brain signals into certain
commands, a BCI system can serve as an alternative method
of communication for individuals who have severe neuromus-
cular problems [1].

The brain signals can be obtained via invasive or non-
invasive methods. Electroencephalography (EEG) is a non-
invasive way of acquiring electrical potentials from the sur-
face of human scalp, which is usually more favorable due to
its simple and safe approach [1]. There are several types of
EEG activities that can be utilized as input features for BCI
systems, e.g. slow cortical potentials [2], oscillatory EEG
activity [3], P300 potential [4] and visual evoked potential [5].
The selection of input feature is usually affected by several
factors, such as the purpose of application, the influence of the
input feature on information transfer rate of the BCI system,
the signal processing methods used, adaptability for majority
individuals and training period required.

Steady-state visual evoked potential (SSVEP) is the peri-
odic response elicited in the brain when a person is visually
focusing his/her attention on a stimulus that is continuously
flickering at frequency 6Hz and above [6]. There are many

research groups [6] – [10] that are utilizing SSVEP as the input
for their BCI systems. SSVEP is a favorable type of input sig-
nal because it is based on detection of increment in a specific
power spectrum [11]. SSVEP signal is triggered when the sub-
ject is focusing their attention on a flickering visual stimulus,
and is therefore less demanding as compared to mental strate-
gies.

SSVEP is normally most prominent at the occipital region of
the scalp [5], [12]. Since the evoked response is focusing at
specific frequencies, therefore the relative information between
the stimulus and the triggered response can be determined by
using simple frequency domain algorithms [12]. SSVEP-based
system is usually less sensitive to artifacts, as long as the fre-
quencies of the artifacts are not overlapping with the stimulus
frequency [6], [12].

For SSVEP-based BCI system, a flickering apparatus is nec-
essary to provide visual stimulus to the subject. Therefore, most
of the applications are for subjects who have the capability to
control their eye movement [6]. In previous study [13], investi-
gation has been done to evaluate the practicality and advan-
tages of using SSVEP as input feature to a BCI system.

This paper presents a synchronous online BCI prototype sys-
tem that is able to recognize the targeted stimulus the subject
was focusing on. SSVEP is chosen as the input feature because
it is a promising type of brain signals which can be triggered in
most subjects when they are looking at a visual stimulus, with-
out requiring special subject training. The prototype system
described in this paper is simple but is able to realize rapid
detection of SSVEP signals. In future, the system may be inte-
grated with more control options and can be used by neuromus-
cular disabled people to control external devices or express
their thoughts.

II. METHODS

A. Subjects

A total of five voluntary healthy subjects consisted of three
males and two females, aged between 24 and 63 have been
recruited in the study. All of them have normal or corrected-to-
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Fig. 1. Block diagram showing cascaded stages of the EEG signal acquisition system

normal vision. Subjects were briefed on the protocol of the
experiment, and required to sign a consent form.

B. Development of SSVEP-based BCI System

The SSVEP-based BCI system is consisted of programma-
ble visual stimulus, EEG amplifier with filter system, data
acquisition card, and signal processing and classification algo-
rithms. The visual stimulus is a 2cm diameter red color light
emitting diode (LED) with wavelength of 660nm and lumi-
nous intensity of 70mcd. The frequency of the visual stimulus
is controlled by programmable microcontroller chip.

The EEG signal acquisition system is composed of a two
channel differential EEG amplifier with several cascaded
stages which provides a total gain of 36396 and a data acquisi-
tion card. Fig. 1 shows the block diagram of the signal acqui-
sition system.

Standard gold-plated electrodes are used to acquire EEG
signals. The magnitude of EEG signals picked up from EEG
electrodes is very small, usually ranging from 1-100μV. Be-
sides, the signals are usually riding on other larger common
mode noise, such as the 50 Hz line noise. The first stage of the
EEG amplifier is designed using an instrumentation amplifier
to ensure good common mode rejection ratio (CMRR) and
high input impedance. Three op-amp based INA121 is used to
amplify the input signal to 100 times. The CMRR measured is
117dB at 15 Hz input sine wave. Subsequent high pass and
low pass active filters are constructed using op-amp which
provides the remaining gain and a bandwidth (-3dB) of 0.94 –
70.3 Hz. After being filtered, the desired signal is amplified
by a non-inverting amplifier for 20 times. A digital adjustable
gain amplifier and isolation amplifier is included in the latter
stage to allow the output gain to be adjusted when necessary,
and to isolate the noise. In order to reduce the 50 Hz interfer-
ence, a Driven Right Leg (DRL) circuit is added to reduce the
common mode noise.

The entire circuit is constructed on a printed circuit board
(PCB). A voltage power supply unit is currently used to pro-
vide ±5V direct current (DC) to the amplifier system. How-
ever, the system has an option of using 9V batteries and volt-
age regulators when necessary. Total current consumption of
the amplifier system is approximately 67 mA.

After being amplified and filtered, the EEG signal is sam-
pled at 1024 samples per second by a 16-bit data acquisition
card (ADLINK PCI9111HR) installed in computer.

C. Experimental Procedure

EEG signals were recorded from positions O1 and O2 ac-
cording to the international 10-20 system and referenced to
forehead [14]. DRL electrode was placed on the left arm of the
subject. The signals were acquired using the EEG signal acqui-
sition system mentioned in previous section.

During the EEG experiment, the subject was seated com-
fortably on a chair facing a 17 inches CRT computer monitor.
The LED stimulus was placed 50cm in front of the subject.
Subject was required to close their eyes and two minutes of
REST signals were recorded. After that, subject was given a
few minutes to adapt to the flickering stimulus before the
SSVEP sessions started. Subjects were required to participate
in two types of experiments, which is training and testing ex-
periment, carried out on two different days. The experimental
flow chart is shown in fig. 2.

The training experiment was carried out to determine three
optimal frequencies for each subject, as the SSVEP frequencies
need to be optimized for each and every subject in order to
facilitate a higher detection rate [10], [13]. During the training
experiment, only one visual stimulus was presented. For each
trial, the LED stimulus was programmed to blink for 7 seconds
at a selected frequency and OFF for 10 seconds. The signals
recorded when the subject was focusing at the blinking stimu-
lus is termed SSVEP signals. Subjects were required to main-
tain full visual concentration on the stimulus device when it is
blinking. Frequencies ranging from 7Hz to 31Hz were tested,
and each frequency was tested for at least 5 times.

After determining the three optimal frequencies, testing ex-
periment was carried out on another day. Fig. 3 shows a subject
taking part in an EEG testing experiment. Three LED stimuli
placed at the left, bottom and right edge of the computer screen
was presented 50 cm in front of the subject, each flickering at a
particular frequency respectively. For each trial, the LED
stimulus will blink for 7 seconds and dim for 10 seconds. Dur-
ing each trial, subject was given the freedom to decide which
stimulus they want to focus on as the desired target. They were
required to focus their attention on the target when the stimulus
is blinking while ignoring the other two flickering LEDs. At the
end of each trial, the computer will process the recorded EEG
signals and predict which target the subject was looking at. An
audio feedback was given to inform the subject the predicted
target. Subject was required to report verbally if the detected
target was incorrect. In average, each target was tested for at
least 20 trials.
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Subject

Training Experiment: -
- Identify three optimal frequencies

Testing Experiment: -
- Three frequency-coded stimuli are presented.
Subject can look at any one of the three stimuli. At
the end of each trial, the computer will analyze the
SSVEP signals and predict the target that the
subject was focusing on.

Fig. 2 Experimental flow chart.

Fig. 3 Subject taking part in a testing experiment.

D. Signal Processing and Classification

The program for signal processing and classification is devel-
oped using Matlab 6.5.1. Fast Fourier Transform (FFT) is used
to compute the power spectrum of the SSVEP and REST signals
at the three stimulus frequencies. Each and every second of EEG
data for a trial is windowed and zero padded to produce a fre-
quency resolution of 0.5 Hz. Then, the mean power spectrum of
the two channels is computed. Fisher’s Linear Discriminant
Analysis (LDA) is used to classify the computed power spec-
trum and find the boundary between SSVEP and REST classes
for the three stimulus frequencies. Fisher’s LDA is one of the
linear classification methods that require less samples to pro-
duce a reliable classifier output [15]. It does not assume that the
populations are from multivariate normal distribution. However,
Fisher’s LDA assume that the populations have common covari-
ance matrix [16]. The pooled covariance matrix is given in equa-
tion below.
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To achieve maximum separation of the samples from
different groups, the solution is given below.
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The linear discriminant function y(x) is given in equation
below.
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For a new observation x , it will be allocated into group 1
if y(x)>0. Else, x will be allocated into group 2. By knowing
the border between the two classes, the frequency population
with the largest distance from the threshold is determined as
the detected target, and will be reported to the subject at end
of the trial.

III. RESULTS AND DISCUSSIONS
Fig. 4 shows an example of the graphic user interface

(GUI) of the Matlab testing program. In this study, five sub-
jects have used the real-time SSVEP-based BCI system to
select the desired target from three frequency-coded visual
stimulus. The results are shown in table 1.

From table 1, the results showed that the subjects are sen-
sitive to frequencies ranging from 14 – 29 Hz. The highest
detection accuracy achieved is 100%, while the lowest is
72%. The subject S3 with best detection accuracy shared her
experience that while recording the REST signal and during
the 10 seconds intermittent break between the trials, she kept
her mind very calm and relax. During the SSVEP sessions,
she maintained full visual fixation on the desired target, and
avoided blinking or moving her eyes.

There are a few factors that may affect the detection accu-
racy of the system, including electrode locations, stimulus
frequency, duration of selection in the experimental paradigm
and others. In this experiment, the electrode locations were
the same for every subject, taking the assumption that the
SSVEP signals are most prominent at the central occipital
region. The three optimal frequencies were selected based on
the performance of the subject in training experiment. The
operation duration is determined based on the experience
from previous trial experiments. The 10 seconds rest allows
the subjects to have an intermittent break between the trials,
and can help to reduce visual fatigue.
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Fig. 4 GUI of the testing experiment.

Table 1 Results of the five subjects during the testing experiment.

Subjects Frequencies (Hz) Detection accuracy (%)

S1 14, 20.5, 23 90.14

S2 21, 24, 27.5 75.58

S3 20.5, 23, 25.5 100

S4 24, 26, 28 72

S5 24, 27.5, 29 77.78

IV. CONCLUSION
The existing system has been successfully tested on five sub-

jects with average detection accuracy 83.10%. During the ex-
periments, the subjects were able to adapt to the experimental
paradigm rather quickly after undergoing a few trials without
needing special subject training. The system may be improved in
future by improving other system parameters such as increasing
the number of target for selections, and optimizing the electrode
positions and operating speed for each and every subject.

REFERENCES

1. J. R. Wolpaw et al., “Brain-computer interface technology: a review of the
first international meeting,” IEEE Trans. Rehab. Eng. Vol. 8, pp. 164–173,
June 2000.

2. N. Birbaumer et al., “The thought translation device (TTD) for completely
paralyzed patients,” IEEE Trans. Rehab. Eng. Vol. 8, pp. 190–193, June
2000.

3. G. Pfurtscheller et al. , “Current trends in Graz brain–computer inter-
face (BCI) research,” IEEE Trans. Rehab. Eng. Vol. 8, pp. 216–219,
June 2000.

4. E. Donchin, K.M. Spencer and R. Wijesinghe, “The mental prosthesis:
Assessing the speed of a P300-based brain–computer interface,” IEEE
Trans. Rehab. Eng. Vol. 8, pp.174–179, June 2000.

5. E. E. Sutter, “The brain response interface: Communication through
visually-induced electrical brain responses,” J. Microcomput. Appl.
Vol. 15, pp. 31–45, 1992.

6. M. Cheng, Xiaorong Gao, Shangkai Gao and Dingfeng Xu, “Design
and implementation of a brain–computer interface with high transfer
rates.,” IEEE Trans. Biomed. Eng. Vol. 49, pp. 1181–1186, Oct 2002.

7. M. Middendorf, G.McMillan, G. Calhoun and K. S. Jones, “Brain-
computer interfaces based on the steady-state visual-evoked re-
sponse,” IEEE Trans. Neural Syst. Rehabil. Eng, vol. 8, pp. 211 – 214,
June 2000.

8. E. Lalor, S. P. Kelly, C. Finucane, R. Burke, R. B. Reilly, and G.
McDarby, “Brain-Computer Interface based on the steady-state VEP
for immersive gaming control,” in Proc. of the 2nd Int. Brain- Com-
puter Interface Workshop and Training Course 2004, 2004, vol.49 of
Erg¨anzungsband Biomed Techn (Berl.), pp.63–64.

9. G.R. Muller-Putz and G. Pfurtscheller, “Control of an electrical
Prosthesis with an SSVEP-based BCI,” IEEE. Trans. Biomed Eng.,
accepted for future publication, 2007.

10. S. P. Kelly, E. C. Lalor, R. B. Reilly and J.J.Foxe, “Visual Spatial
Attention Tracking Using High-Density SSVEP Data for independent
brain-computer communication,” IEEE Trans. Neural Syst. Rehabil.
Eng. Vol. 13, No. 2, pp. 172-178, June 2005.

11. G.R. Muller-Putz, R. Scherer, C. Brauneis and G. Pfurtscheller,
“SSVEP-based Communication: Impact of Harmonic Frequency
Components,” Journal of Neural Engineering, Institute of Physics
Publishing, Vol. 2, pp 123-130, 2005.

12. S. T. Morgan, J.C. Hansen and S.A. Hillyard, “Selective attention to
stimulus location modulates the steady state visual evoked poten-
tial.,”Proc. Natl. Acad. Sci. vol. 93, pp. 4770–4774, May 1996.

13. R.S. Leow, F. Ibrahim and M. Moghavvemi, “Assessment of Steady-
State Visual Evoked Potential for Brain Computer Communication,”
International Federal for Medical and Biological Engineering Pro-
ceedings, Springer, vol. 15, pp. 352-354, Dec 2006.

14. Amer. Electroencephalogr. Soc., “Guidelines for standard electrode
position nomenclature,” Clin. Neurophysiol, vol.8, no. 2, pp.200-202,
1991.

15. K. R. Muller, C. W. Anderson, and G. E. Birch, “Linear and nonlinear
methods for brain–computer interfaces,” IEEE Trans. Neural Syst.
Rehabil. Eng, vol.11, No.2, pp. 165-169, June 2003.

16. R. A. Johnson and D. W. Wichern, Applied Multivariate Statistical
Analysis, 5th ed., Pearson Education International, 2002, pp. 609-640.

Author: Leow Ruen Shan
Institute: Department of Biomedical Engineering,

University of Malaya, Malaysia.
Email: ruen_shan@yahoo.com


