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Multi-Command Steady VEP BCI System based on
CICA with References

Abstract—We propose a new procedure for fast and robust
extraction of the Steady-State Visual Evoked Potentials (SSVEP)
for an asynchronous multi-command Brain Computer Interface
(BCI). The SSVEPs were elicited by means of small reversal
flickering checkerboards displayed on a monitor screen. In
order to extract the SSVEPs we applied a new algorithm
based on Constrained Independent Component Analysis with
references (CICAr). A set of references defined as rectangular
half-cycle-square periodic signals with the same frequencies as
the frequencies of the flickering checkerboards were added into
equality and inequality constraints, in order to extract in each
moment the stronger elicited SSVEP activities. The final decision
stage of the BCI system is performed by means of multiple
statistical tests using surrogate data to contrast the reliability
of the extracted SSVEPs by the CICAr algorithm, achieving
a good discrimination when a subject is gazing or not gazing
at a checkerboard. The proposed procedure does not require a
classifier; therefore, it is not necessary to perform any calibration
or training session to tune any classifier parameter, hence a
plug and play BCI system. The algorithm has been tested
with recorded EEG data of 4 healthy subjects from previously
published real-time SSVEP-based BCI experiments. The obtained
results confirm a high performance of the proposed algorithm,
reaching a high transfer rate of information.

I. INTRODUCTION

A brain-computer interface (BCI) is a system that acquires
and analyses brain signals to create a new communication
channel in real-time between the human brain and a computer
or a machine [18].

In this paper, a new algorithm is described for BCI based on
the Steady-State Visual Evoked Potential (SSVEP) paradigm.
In previous works [1], [4], [6]–[9], [15], the feasibility and
promising performance was shown using these elicited brain
potentials for establishing a brain-computer interaction.

The BCI systems based on SSVEP could be useful to help
paralyzed subjects to control objects in different environments
and applications. In particular, it can be applied in the design
of smart houses, by distributing in the house flickering visual
stimulators to control different objects.

Visual stimulations evoke on the visual cortex potential ac-
tivities embedded in the electroencephalogram (EEG), named
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as Visual Evoked Potentials (VEP). The nature of the VEPs,
shape and amplitude, depends mainly on the type of observed
visual stimulus, the subject’s attention and other factors [10],
[11], [13]. A special case occurs when visual stimulation
events are repeated with frequencies higher than approximately
4 Hz. In this situation, the consecutive single elicited VEPs
per visual event overlap leading to a periodic response, named
as SSVEP [10], [13].

The purpose of the BCI based SSVEP system, Fig. 1,
consists of controlling an object displayed on a screen (car)
when the subject focuses the attention on one of the small
reversal checkerboards flickering at specific frequencies [6],
[8], by estimating the stronger SSVEP activities embedded in
the 6 EEG data from electrodes placed on the scalp positions
{CPz, Pz, POz, P1, P2, Fz}. Each flickering checkerboard
has associated a movement direction to control the object.
Thus, when the subject gazes at one of the reversal flickering
checkerboards, the BCI system must detect the corresponding
elicited SSVEP activity and move the object on the screen in
the defined movement direction for the gazed checkerboard.

The flickering checkerboards are closely displayed and
attached around the moving object. The eight selected visual
stimulation frequencies were: {8.8, 9.4, 11.55, 12.5, 13.65,
15, 16.7, 18.8 Hz} and these frequencies were associated to
the screen object movement directions: {Up, Up Left, Left,
Down Left, Down, Down Right, Right, Up Right}. For a real-
time demo version of the described BCI system previously
published [8] see the web page [5].

In this paper, we propose a new algorithm that enhances
the extraction of the elicited SSVEP; emphasizing on faster
extraction, robustness and good discrimination between the
moments when a subject is gazing or not gazing (idle state)
at a flickering checkerboard. During the idle state, the BCI
system must not provide any output command.

The presented algorithm allows the BCI system to work on
an asynchronous mode and does not require a classifier for the
final decision stage.
The new proposed algorithm is suitable for asynchronous-time
processing and it is robust to artifacts because it is based on a
high order statistic Blind Source Separation (BSS) technique
as the core of the extraction. The applied BSS method belongs
to the class of Constrained Independent Component Analysis
with references (CICAr). The CICAr avoids the artifacts that
are statistically independent of the elicited SSVEP and which
do not match the defined reference signals. In our previous
works [6]–[8], a second order statistic BSS was applied as a
pre-processing step for rejecting the artifacts. After extracting
the SSVEP with the CICAr algorithm, the reliability of this
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Fig. 1: BCI layout. Eight small reversal checkerboards which
are flickering at different frequencies: {8.8, 9.4, 11.55, 12.5,
13.65, 15, 16.7, 18.8 Hz} each one associated with a move-
ment direction of the object on the screen (car): {Up, Up Left,
Left, Down Left, Down, Down Right, Right, Up Right}.

information is contrasted by comparing it with other extracted
signals obtained from EEG surrogate data. The utilization of
EEG surrogates to contrast the SSVEP information provides a
robust criterion for defining the output command of the BCI
system.

II. METHODS

A. The CICAr algorithm description

The Constrained Independent Component Analysis with
references (CICAr) [16], [17], appears to be a suitable non-
linear optimization technique for phase-lock BCI systems,
especially for the proposed SSVEP based BCI, Fig. 1, when
the main features of the signals, the SSVEP, to be extracted can
be specified in some way by means of using some reference
signals. A reference signal is a signal that shares the same
relevant features of the signals (SSVEP) to be extracted (from
the EEG), but it does not need to have the same shape.
The extracted signals by the CICAr algorithm are named as
components [2], [16], [17], and in our case, represent the
estimations of the elicited SSVEP activities. The main reason
for using the CICAr algorithm, in this BCI system, comes from
prior knowledge about the nature and number of components,
in our case the eight elicited SSVEPs. The components to
be obtained, the SSVEPs estimations, are periodical responses
elicited by the visual repetitive stimulations associated with
different checkerboards that are flickering at specific frequen-
cies.

Therefore, the most relevant feature of the SSVEPs is its
periodicity, the fundamental frequency with which it is exactly
the flickering frequency of each checkerboard.

The goal is to estimate at each moment, with the CICAr
algorithm, which SSVEP activities are embedded in the noisy
EEG and rank them as a function of their relative amplitude,
because the stronger relative SSVEP activity corresponds to
the checkerboard that the subject is gazing at. It is important
to mention, that the references must share the most relevant
information of the component but they should not be equal

or very similar to the components, because otherwise the
algorithm does not perform well [17].

The CICAr algorithm is based on a non-linear optimization
problem with constraints solved iteratively, and defined as
follows. Given a set of m recorded data channels (EEG
channels), x(t) = [x1(t), x2(t), · · · , xm(t)]

T that are assumed
to be generated from an instantaneous linear mixing pro-
cess x(t) = Ac(t) of n independent components c(t) =
[c1(t), c2(t), · · · , cn(t)]T , with unknown mixing matrix A ∈
Rm×n. In this generative mixing model, the independent com-
ponents are the SSVEP responses, as well as, other recorded
activities such as the spontaneous EEG, artifacts, etc.

A set of l-components, y(t) = [y1(t), y2(t), · · · , yl(t)]T ,
can be extracted from x(t) using a linear transformation
y(t) = Wx(t). In our case, the l = 8 components are
the eight estimations of the SSVEP. The demixing matrix
W ∈ Rl×m is obtained, defining a set of l-reference signals
r(t) = [r1(t), r2(t), · · · , rl(t)]T with the a priori statistical
characteristics of the components to be extracted and added
to the non-linear minimization problem, eq. 1, as equality
and inequality constraint equations. We propose in this work
as references r(t) a set of l = 8 half-cycle rectangular
periodic pulses, one per component or SSVEP, that have the
same frequency as each reversal flickering checkerboard, see
Fig. 2.b.

argmin
W

C(y : W)

subject to

{
H(y : W) = 0 ∈ Rl×l

g(y : W) ≤ 0 ∈ Rl

(1)

The selected cost function in the minimization prob-
lem, C(y : W), is an approximated estimation of the ne-
genentropy, eq.2, to demand independence of the extracted
components y(t). See [17] and [3] for more details about the
definition of each term of this approximated cost function of
the negenentropy.

C(y) = −
l∑

i=1

ρ [E{fi (yi)} − E{fi (ν)}]2 (2)

Since the SSVEP kurtosis is negative, the SSVEP could be
considered as a sub-Gaussian signal, as many other com-
mon activities present in the EEG recordings, such as the
spontaneous EEG, eye blinking, etc [12]. Thus, the non-
linear function f (y) = b

4y
4 was selected to approximate the

negenentropy, as it is suitable for sub-Gaussian signals [17].
The negenentropy combined with the constraints, defined
bellow, play the role of separating the SSVEP activities from
the remainder activities in the noisy EEG. Any unconstrained
Independent Component Analysis (ICA) method, as can be
for example an ICA method based on the minimization the
negenentropy, cannot separate adequately between different
SSVEPs, since different SSVEP have similar probability den-
sity function (pdf). For that purpose, it is necessary to add a
set of constraints to the optimization function.

The set of imposed constraints is divided into equality and
inequality constraints, H(y : W) and g(y : W), respectively.
The definitions of these constraints are crucial in achieving a
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successful estimation of the most relevant SSVEP activities.
The equality constraints H ∈ Rl×l, eq. 1, are defined with two
conditions to be fulfilled. First, the equality hij , eq. 3 imposes
uncorrelation between the extracted i and j components.
Second, the equalities hii, eq. 4, set that the variance of the
extracted components are proportional to the relative norm
between the estimated components yi and their reference
signals ri. Where the norm εi(yi, ri) between the component
and the reference of component i is defined in eq. 5.

hij = E{yiyj}2 = 0, ∀i, j = 1, · · · , l and i 6= j (3)

hii = (E{y2i } −
εi
l∑

j=1

εj

)2 = 0, ∀i = 1, · · · , l (4)

εi = εi(yi, ri) = ‖yi(t)− ri(t)‖2 (5)

In [16] and [17], the equality constraints hii were defined
as eq. 6. However, this type of condition implies that the
variances of the extracted components are set to be equal
to 1. This condition does not allow differentiation as to
which SSVEP response is stronger. Thus, it cannot be useful
for the posterior BCI decision making, instead, we propose
eq. 4, because the desired outcome is to enhance during the
optimization process to order the extracted components as a
function of the relative magnitude or variance.

hii = (E(y2i )− 1)2, ∀i = 1, · · · , l (6)

The inequality constraints, g ∈ Rl, are defined in eq.7 [17].
They impose that during the optimization process, the norm
εi(yi, ri) between the reference and the extracted component
should be as small as possible. The ξi values are set to arbitrary
small values. In general, the inequalities g in the optimization
problem are not fulfilled, because the adequate magnitudes
of ξi are not known and then, it is possible that the norms
εi(yi, ri) cannot reach smaller values than the fixed ξi values.
This situation mathematically establishes that the obtained
solution of the optimization problem is not feasible for these
inequality constraints. However, this is not a problem in our
case, because it is not necessary to fulfill these conditions.

gi = εi(yi, ri)− ξi, ∀i = 1, · · · , l (7)

The distance εi(yi, ri) between the i−reference and the
i−component, used in definitions of the previous constraints,
in eqns. 4 to 7, must be slightly changed to enhance the
extraction of the SSVEP. As the phase shift between the
subject SSVEP responses and the constructed reference signals
are unknown, it is better to use another distance measurement
that enables it to take into account the unknown phase shift.
For this purpose, we propose to use the minimum value
of the norms between the reference signal ri(n) and the
delayed component yi(t + τ) over the delays τ = 0, · · · , τ̂i,
where τ̂i is equal to the half period of the i−stimulation fre-
quency, eq.8. Therefore, the final expression of the inequality
constraints is given by eq.9.

εi(τ̂i) = εi(yi, ri, τ̂i) = (8)

gi = εi(yi, ri, τ̂i)− ξi, ∀i = 1, · · · , l (9)

Once all the equality and inequality constraints have been
defined, the solution of the non-linear optimization problem,
eq.1, can be solved by applying a Gauss-Newton-wise method
that minimizes the augmented Lagrangian cost function made
with the negenentropy cost function and the constraints, see
the Appendix and [17] for details. The EEG signals, x(t), were
normalized and pre-whitened [2] before applying the CICAr
algorithm.

B. SSVEP extraction with the CICAr Algorithm
In order to show how the CICAr algorithm extracts and

reveals the stronger SSVEP activity, the CICAr performance
results for an example of one second data EEG window are
described in detail, Fig. 2.

The one second six-channel EEG data window belongs to
EEG recorded data during on-line BCI experiments described
in section III [8]. As mentioned, the BCI stimulation unit con-
tains eight checkerboards which are flickering at frequencies:
{f1 = 8.8, f2 = 9.4, f3 = 11.55, f4 = 12.5, f5 = 13.65, f6 =
15, f7 = 16.7, f8 = 18.8Hz}. This EEG window corresponds
to a moment when the subject is gazing at the 15Hz flickering
checkerboard (f6).

A set of l = 8 rectangular waves with a half-duty-cycle
and fundamental frequency equal to the frequencies of the
flickering checkerboards used as references, have maximum
and minimum values set to 1 and -1, respectively, see Fig. 2.b.

Figure 2.c shows the l = 8 extracted components with their
relative variance values, one per extracted component, which
is shown on the right axis. In this case, the relative variance
values per component clearly indicate that the 6th component
related with the 6th reference (f6 = 15Hz) is the strongest
(53%), as expected. Thus, the BCI system output command
should be {Down Right}.

The condition, given by eq.4, ponderates higher the compo-
nent related to the SSVEP elicited by the gazed checkerboard,
increasing its relative variance value.

From this example, it seems that the relative variance
values of the extracted components with the CICAr algorithm
could be used alone to discriminate the strongest SSVEP,
and hence define the BCI output command. But this is not
a robust solution since setting only a fixed threshold based on
this parameter can lead to wrong detections. In general, this
solution mainly works adequately when one of the SSVEP is
much stronger than the others, but it cannot properly solve
the idle state detection. Sometimes, during the idle state,
the extracted CICAr components could have high relative
variance values without any meaning. Therefore, setting a
simple fixed threshold level for the relative variance values is
not a robust solution. Then, in order to reduce the number of
false detections, it is necessary to find a method of contrasting
each extracted CICAr components.

To resolve this problem of increasing the overall robustness
of the BCI system without using a classifier, we propose to
apply the CICAr extraction algorithm with a bootstrapping
technique based on EEG surrogate data. Then, the statistical
significance of each extracted CICAr component would be
contrasted in respect to new extracted CICAr components from
EEG surrogate data.
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Fig. 2: (a) One second window of the six EEG channels when
the subject is gazing at the checkerboard which is flickering
at 15Hz (f6) that corresponds to the {Down Right} movement
direction. (b) The eight half-cycle-square periodic references
with fundamental frequencies equal to the eight flickering
checkerboards. (c) Relative extracted components (SSVEP)
and their relative values of the variances.

C. The CICAr algorithm and Surrogate Comparisons

The EEG surrogates were obtained after canceling the
SSVEP information in x(t), by subtracting the linear back-
projection of the extracted CICAr components into the EEG
domain, eq.10. Therefore, the obtained x̂(t) signals contain
the remainder activities in the EEG such as the spontaneous
EEG, artifacts, noise, etc.

A set of n-surrogates were generated from the SSVEP
cleaned signals x̂(t).

x̂(t) = x(t)− (WTW)−1WTy(t) (10)

The method to generate surrogate data is computationally
simple [14].

After generating a surrogate of x̂(t), the CICAr algorithm
was applied again to this data with the same l = 8 half-
cycle square periodic references, obtaining a new CICAr set of
surrogate components. This procedure was repeated n times,
generating n-CICAr surrogate components.

Subsequently, it was applied to a two-sample statistical F-
test for equal variances, to test the statistical significance of
each CICAr SSVEP component with regard to the correspond-
ing n−CICAr surrogate components. Thus, one sample set
contained, for each reference, the samples of the n−surrogate
components while the other sample set had the samples of
SSVEP component. Therefore, eight statistical F-tests were
performed, one per reference or SSVEP component. The Null
hypothesis: A low F-statistic, considers that the SSVEP has the
same variance than the surrogates, meaning that the subject
is not gazing at any checkerboard (idle state). At this time,
with the presented statistical test, we can use the F-statistic as
a discrimination parameter, for a final robust BCI decision
making. In order to be confident with the rejection of the

Null hypothesis, the F-statistic threshold defined empirically
Fthres = 5.

For the same 1-second six-EEG channel data shown in
Fig. 2.a, in Fig. 3 it is shown as the same SSVEP ex-
tracted components with their generated n-surrogate compo-
nents (n=5). The 6th SSVEP component is very different from
its surrogates, while the rest of the SSVEP components have
the same variance ranges as their surrogates, as expected.

The eight F-statistics for each reference or flickering
frequency were [1.36, 0.93, 1.67, 0.49, 1.6,11.14, 0.69, 0.54],
and are shown on the right axis. It should be noticed the high
F-statistic value obtained for the 6th frequency is greater than
the empirically defined Fthres, confirming the detection.

Fig. 3: Extracted SSVEP for the window data presented in
Fig. 2a with their generated n-surrogates (n=5). (Thick line:
The SSVEP extracted components. Thin line: The surrogate
extracted component).

In order to show how the CICAr extraction and the sur-
rogates work during the idle state, in figure 4.a it is shown
another 1-second EEG window corresponding to an idle state
moment. Figure 4.b shows the extracted components of the
new EEG data (CICAr SSVEP components) and the n-CICAr
components extracted from the surrogate data. In this case,
it is not possible to distinguish the CICAr SSVEP compo-
nents from their surrogates. This is shown numerically with
F-statistic values [1.11, 0.44, 0.9, 1.4, 1.45, 1.28, 1.78, 0.69].
Now, all F-statistic values are much lower that the Fthres. Even
though, the relative variance value for the 4th component is
relatively high (26%), due to the statistical comparison with
the surrogates, we should conclude that there is no elicited
SSVEP activity. Under such circumstances, no decision based
on the maximum relative variance value can be taken and
the BCI system output command must be set to idle. The
same situation could happen when the signal to noise ratio is
very low and the algorithm cannot extract properly the visual
responses.

The surrogate data provides a way of measuring the quality
of the SSVEP extraction. Finally, the BCI system decision
making stage selects as the BCI output command the one that
has the maximum relative variance value, and the respective
SSVEP extracted component is statistically significant.

D. The whole BCI algorithm scheme
In figure 5, it is depicted the BCI scheme: The CICAr

extractions applied on the EEG, the CICAr extractions applied
to the cleaned EEG surrogates (eq. 10), the validation of the
extractions with the F-tests and the final BCI decision making
stage. The algorithm is applied for each 1-second EEG data
shifted every 120 ms.
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Fig. 4: (a) Six EEG channels when the visual stimulation was
switched off (idle state). (b) Estimated extracted components
and their respective surrogates. The relative variance of the
extracted components and the F-statistic values are shown
on the right axis. The references were the same 8-half cycle
square periodic signals plotted in Fig. 2b.

Fig. 5: BCI algorithm applied over 1-second EEG window.
Inputs: m-EEG channels and l-references. Output: Dominant
detected SSVEP or idle state.

III. EXPERIMENTAL DATA RECORDING CONDITIONS

In a previous work [8], the BCI system with the layout
shown in Fig. 1 was implemented with a low computational
algorithm and tested in real-time, achieving good performance.

In order to test and compare the performance with the pre-
vious algorithm [8], we have tested the presented method with
the EEG data recorded from the previous real-time experiment.
The experiment design performed to test the algorithm was as
follow.

The BCI layout was displayed on a 21-inch CRT monitor
with refresh rate of 150 Hz, with the eight small reversal
checkerboards flickering at frequencies of {8.8, 9.4, 11.55,
12.5, 13.65, 15, 16.7, 18.8 Hz} associated with a moving
direction. The subjects were sitting in front of the monitor
at a distance of 80-100 cm.

The EEG channels were recorded with a Biosemi acquisi-
tion amplifier. The sampling frequency was set to 512 Hz.

The recorded data was obtained from 4 healthy subjects
gazing at each eight flickering checkerboards following voice
command requests randomly generated by a computer at
regular intervals of 7 s. Included as well, there was an extra
command for the idle state where the checkerboards were
switched off for another 7 s.

Fig. 6: Experiment BCI design.

In order to evaluate quantitatively the degree of discrimi-
nation between the stimulus state versus idle state, different
possibilities could be done such as requesting to the subject
to gaze at a point outside the screen. However, it is better to
recreate the idle state period by switching off the flickering
of the checkerboards, and hence, it is ensured that the subject
does not accidentally focuses on any of the checkerboards or is
under some peripheral influence of the visual stimuli, specially,
in this scenario with closely arranged checkeboards. Certainly,
the final asynchronous functioning of the system must provide
to the subject a full control to decide which checkeboard to
gaze or not to gaze.

The experimental data per subject resulted in 36 trials (4
requests per frequency or direction) with a total duration of
4.2 min. The eight requested commands listened by the subject
associated with the 8 frequencies were respectively: {Up, Up
Left, Left, Down Left, Down, Down Right, Right, Up Right}.

The presented method, Fig. 5, was applied to the filtered
EEG data on a sliding window of 1 second with a time shift
of 120 ms. Thus, updating the BCI output every 120 ms. Five
surrogates (n = 5) were generated for each 1-second sliding
window and the statistical F-test comparisons, between the
estimated SSVEP related components and the surrogate related
components, were performed over the last 300 ms.

IV. RESULTS

The mean execution time was defined as the mean of time
delay (td) between the end of the computer voice command
until the proper BCI output command was given and held for
more than 3 s, successful detection, Fig. 6.

The obtained results exhibit that the presented algorithm
permits to reach short mean time delays, with few detection
errors, and achieving high transfer rates.

The discrimination between the idle state with regard to
other moments when the subject is gazing at a checkerboard,
was evaluated with the Receiver Operating Characteristic
(ROC) curve for the F-statistic value, obtaining a ROCarea =
.89. The ROC curve was done selecting the maximum value
of the eight F-statistics obtained at each 1-second analysis
window shifted 120 ms, section II-D.
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Subjects Mean
1 2 3 4 values

Successful
Detections(%) 91.6 94.4 88.8 93 91.9
Mean
Execution Time (s) 2.1 1.9 2.4 1.9 2.2
Execution Time
(min-max) (s) 0.8-2.7 0.9-2.5 1.5-2.8 1.7-3.3

TABLE I: Performance and transfer rate values for the detec-
tion of the eight commands and the idle state.

The extra computation to generate the surrogates for the
evaluation of the extracted CICAr components is worth in
order to validate the CICAr extraction and also because it
facilitates to select a robust threshold value. The selection of
a threshold for the maximum value of the relative variance of
the CICAr extracted components is more sensitive and difficult
than defining a threshold for the maximum of the F-statistic
values from the surrogate comparisons. As an example, in
Figure 4.b corresponding to idle state, the maximum relative
variance (%), in this case, for the fourth component is 26.
However, in the idle state we should expect that all the ex-
tractions have more or less equal relative variances(%). Hence,
the threshold would be a little bit higher than (1/8) = 12.5.
However, the relative variance(%) of 26 is more than double,
but the corresponding F-statistic (F = 1.45) is much lower
than Fthres = 5 and comparable with the others F values.
The goal of the surrogate comparison is to reduce the inter
and intra subject variability.

An important advantage of using a CICAr is that this
method provides an ordering of extracted components, while
the application of an ICA algorithm has an indeterminacy in
the order of the extracted components.

V. CONCLUSIONS

Although the SSVEP paradigm has been well known in the
BCI community, since several studies have been performed
by different research groups [1], [6], [8], [9], [15], the new
approach presented in this work can offer several novel points
for improving usability and efficiency for BCI systems based
on SSVEP.

The combination of the CICAr algorithm for extracting the
relevant information, with a surrogate technique that offers ref-
erences to contrast the information, has allowed the execution
of the final decision making stage of the BCI system without
a classifier. This offers an important advantage, because there
is no need of any initial calibration experiment to generate
training data to tune the classifier parameters, hence a plug
and play BCI system.

The surrogate data comparison behaves like an adaptive
classifier, because the discrimination between the relevant
information and the noise is updated every time for each
analysed data window. This provides a good reduction of the
inter and intra subject variability.

As many ICA algorithms, the CICAr method has a high
computational cost, running for the moment in off-line pro-
cessing. However, the results obtained in off-line processing,

using the same experimental data from the real-time BCI in
[8], has shown a significant improvement in the performance,
making the presented algorithm potentially for SSVEP based
BCI applications.
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