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ABSTRACT

Repetitive visual stimulation elicits specific brain re-
sponses known as steady state visual evoked potentials
(SSVEP). The SSVEP manifests as oscillatory compo-
nents at the stimulation frequency or harmonics in brain
signals such as the electroencephalogram (EEG) or mag-
netoencephalogram. Analysis of the dynamics of the
SSVEP permits to characterize the neurophysiological
basis of visual processing. Classical SSVEP analysis is
restricted to the study of the EEG power at the stim-
ulation frequency. In this paper, we focus on the dy-
namics of the alpha peak frequency under flicker stimu-
lation. The alpha peak frequency is person specific and
plays an important role on mental load. High resolu-
tion time-frequency methods are necessary to precisely
identify the alpha peak frequency. We utilize therefore
matching pursuit methods using stochastic dictionaries.
We show that the alpha peak frequency decreases dur-
ing flicker stimulation. We argue that this phenomenon
can partially explain the relative fast habituation of the
SSVEP, i.e. the strength of the SSVEP decreases after
few seconds of continuous flicker stimulation.

1. INTRODUCTION

Stimulation by repetitive light flashes (flickering) is a
widely used method to study the visual processes in
the brain. The steady state visual evoked potential
(SSVEP) refers to the activity of the cerebral cortex that
results from attending to a repetitive visual stimulus
(RVS) oscillating at a constant stimulation frequency.
The SSVEP can be observed in the scalp recorded elec-
troencephalogram (EEG) as oscillatory components at
the stimulation frequency and/or harmonics (see Fig-
ure 1). The SSVEP is more prominent at parietal and
occipital locations due to their relative proximity to the
primary visual cortex [1].

In SSVEP research, the EEG components at the
stimulation frequency are generally characterized. How-
ever the SSVEP is also accompanied by other phenom-
ena in the brain which can be characterized by the dy-
namics in the alpha frequency (8-12 Hz). Of particu-
lar importance is the alpha peak frequency which cor-
responds to the frequency in the alpha band where the
EEG power is maximum [2].

This paper focuses on the dynamics of the alpha peak
frequency during flicker stimulation. As it was already
shown in [3, 4], the alpha peak frequency increases with
increasing mental load. Other studies have shown that
the alpha peak frequency is positively correlated with

Figure 1: Steady state visual evoked potential (SSVEP)
elicited by flicker stimulation at 15 Hz.

intelligence [5] and can be viewed as an indicator of cog-
nitive performance [2].

The analysis of the alpha peak frequency requires
a high resolution time-frequency analysis method for
the EEG signals. As suggested in [2] the alpha peak
frequency is subject dependent and needs customized
identification using analysis techniques beyond simple
filtering. A high time resolution is also required because
of the time synchronization with the flicker stimulation.
This paper utilizes the matching pursuit approach using
stochastic dictionaries. Section 2 summarizes the basics
of the matching pursuit algorithm, Section 3 describes
the experimental protocol. in Section 4 we discuss the
results and make sense of them under a neurophysiology
perspective. The paper conclusions are finally presented
in Section 5.

2. SIGNAL PROCESSING METHODS

In this section we briefly present the basics of the
matching-pursuit method which is used to analyze the
EEG under flicker stimulation. Matching pursuit is
an iterative algorithm, originally presented in [6], that
approximates a signal s(t) with a set of atoms. In
each iteration a function from a dictionary of atoms
D = g1, . . . gn is chosen so that it satisfies the equation:

gγi
= argmax

gγi
∈D

‖〈Ri
s, gγi

〉‖ (1)

where 〈·, ·〉 denotes the inner product operator, i is the
iteration index, and Ri

s is a residual left after subtracting
the results of previous iterations:

R0
s = s

Rn
s = 〈Rn

s , gγn
〉 gγn

+ Rn+1
s

(2)
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The dictionary D is constructed from Gabor (sine-
modulated Gaussian functions) atoms because they pro-
vide optimal joint time-frequency localization.

gγ(t) = K(γ)exp−π
(t−u)2

σ2 cos(2πf(t − u) + φ) (3)

where the argument γ denotes the set of parameters
{u, f, σ, φ} which are the time shift (translation), fre-
quency, scale, and phase respectively. The term K(γ) is
a normalization parameter so that ‖gγ‖ = 1.

If the dictionary D is complete, it is possible to
prove [6] that:

s(t) =
∑∞

i=1〈R
i
s, gγi

〉gγi

‖s(t)‖2 =
∑∞

i=1 |〈R
i
s, gγi

〉|2
(4)

In practice, finite dictionaries having M elements,
are used. A signal s(t) is then approximated by the
decomposition:

s(t) ≈

M∑
i=1

〈Ri
s, gγi

〉gγi
(5)

The coefficients 〈Ri
s, gγi

〉 can be considered as am-
plitudes of atoms gγi

in the signal s(t).

2.1 Stochastic dictionaries

Constructing the dictionary D requires sampling in the
parameter space {t, f, σ}. The phase φ can be optimized
in each step of the decomposition procedure separately
for each fitted atom [7]. Using any fixed scheme of
sampling in the parameter space introduces statistical
bias in the resulting parametrization. To address this,
the use of stochastic dictionaries was proposed in [7]. To
define a dictionary D, a space of parameters {t, f, σ} is
divided into ”cubes” of size ∆σ, ∆t and ∆f , where the
resolution (∆σ, ∆t, ∆f) is set before the procedure. In
each of these cubes a single atom is chosen by drawing
its parameters from flat distributions within the given
ranges of continuous parameters.

The first iteration reduces the dictionary ∆ to a sub-
set ∆α constructed by selecting an arbitrary percentage
of atoms having largest correlations with the original
signal. The atom gγi

chosen in each iteration from the
dictionary ∆α (or ∆ in the first iteration), is optimized
further by a search in a dense dictionary Dγi

constructed
from parameters in the neighborhood of γi.

2.2 Energy distribution

The decomposition based on the matching pursuit ap-
proach, provides a simple method to remove the typical
cross-terms in the Wigner-Ville distribution [7, 8]. Using
the atomic decomposition in (4) of s(t), the Wigner-Ville
distribution (WVD) of s(t) can be written as:

Ws (t, f) =
∞∑

i=1

|〈Ri
s, gγi

〉|2Wgγi
(t, f)+

+
∑∞

i=1

∑∞
j=0,j 6=i〈R

i
s, gγi

〉〈Rj
s, gγj

〉W [gγi
, gγj

](t, f)

(6)
where W· denotes the WVD. The second term on the
right in (6) corresponds to WVD cross-terms. Removing

them is simply a matter of defining the time-frequency
energy distribution of s(t) as:

Es (t, f) =

∞∑
i=1

|〈Ri
s, gγi

〉|2Wgγi
(t,f) (7)

This is possible since the WVD satisfies

∫ ∞

−∞

∫ ∞

−∞

Wg (t, f)dtdf = ‖g‖ = 1, (8)

and (4) implies conservation of energy:

∫ ∞

−∞

∫ ∞

−∞

Es (t, f)dtdf = ‖s‖ (9)

Es (t, f) can therefore be interpreted as an energy
density of s in the time-frequency plane. This is also
illustrated in Figure 3.

3. EXPERIMENTAL PROTOCOL

Three male subjects (S1, S2, and S3), aged ages 24,
29, and 31, participated in this experiment. They were
requested to seat in front of a lamp positioned approxi-
mately one-meter away from their eyes. The lamp con-
sisted of twelve LEDs, arranged in a 3x4 configuration,
which shone through a white diffusion screen. The color
temperature was of 4441.3K and the light luminance in
the ”on” state was of 460 Cd/m2.

Subjects were presented with repetitive visual stimu-
lation at 14 frequencies: 19Hz, 20Hz, 24Hz, 25Hz, 27Hz,
29Hz, 30Hz, 32Hz, 34Hz, 35Hz, 37Hz, 39Hz, 40Hz, and
45Hz. These were presented in four sessions. In the
first three sessions, four stimulation frequencies (ran-
domly selected) were used and in the fourth session two
stimulation frequencies. Each stimulation frequency was
presented once only. The sessions took place at around
the same time of the day (early afternoon) to avoid cir-
cadian influences on the measurements.

The presentation of a given stimulation frequently
was divided into thirty intervals which comprised a 4-
second long stimulation period where the lamp flickered
followed by a break period of random duration between
15 and 20 seconds (see Figure 2a). Such relatively long
break period was chosen in order to ensure that con-
secutive stimulation periods are independent from each
other. Indeed, as discussed in [9], the amplitude of the
SSVEP decreases if the stimulation periods are too close
from each other. Two seconds before the onset of each
flickering stimulus, a warning sound was played so that
the subject could avoid artifacts due to head or ocular
movements. This signal also reduced expectancy effects
on the alpha band [2].

The EEG data of subjects was collected using an
Active2 Biosemi system [10] at the 32 locations that
are shown in Figure 2b at a sampling rate of 2048 Hz.
The analysis was performed on electrode Oz because the
SSVEP manifests more prominently at this site [11]. To
obtain a reference free signal at Oz, common average re-
referencing [12] was applied, i.e. subtracting from the
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Figure 2: (a) Experimental protocol. (b) EEG recording
sites.

Oz signal, the average of the signals at all 32 sites. The
resulting signal was then band-pass filtered in the 2-50
Hz band and sub-sampled at 128 Hz. The analysis was
conducted in epochs starting 5 seconds before stimula-
tion onset and ending 5 seconds after the stimulation
ended.

4. RESULTS AND DISCUSSION

To illustrate the effect of the time-frequency representa-
tion (TFR) method on the analysis of EEG during flicker
stimulation, we report in Figure 3 the time-frequency
analysis of the EEG epochs during flicker stimulation
at 19 Hz for subject S2. The TFR images result from
averaging over the 30 recorded epochs.

The vertical lines in Figure 3 at 5 and 9 seconds
mark the beginning and the end of the stimulation re-
spectively. We present the TFRs associated with the
short-time Fourier transform using a 4-second long win-
dow [13] (Figure 3a), the smoothed Wigner-Ville trans-
form [13] (Figure 3b), a 30-order autoregressive model-
ing in a 4-second long window [14] (Figure 3c), and the
matching pursuit TFR (MP-TFR) (Figure 3d). The lat-
ter provides the most meaningful time-frequency repre-
sentation from a neurophysiological standpoint. Indeed,
the SSVEP start few hundreds of milliseconds (see also
Figure 1) after stimulation onset and habituates (dimin-
ishes in amplitude) after around three seconds [1].

(a) (b)

(c) (d)

Figure 3: Average TFRs of the EEG epochs of sub-
ject S2 for flicker stimulation at 19 Hz. The verti-
cal lines signal the beginning and end of the stimula-
tion. (a) Short-time Fourier transform. (b) Smoothed
Wigner-Ville transform. (c) Autoregressive modeling.
(d) Matching pursuit.

4.1 Alpha peak frequency

To determine the alpha-peak frequency from the MP-
TFR in a given interval, the following procedure was
followed. We first selected the atoms localized within
the targeted time interval, lasting for at least 100 mil-
liseconds, and having a central frequency in the 8 to
12 Hz range. The alpha-peak frequency results then
from a weighted average of the selected atoms frequen-
cies weighted by their respective amplitude (see (5)).

For each subject, we first estimated the alpha peak
frequency in the absence of flicker stimulation. This step
consisted in selecting for each epoch, the atoms localized
in the time interval spanning from 1 to 3 seconds. The
alpha peak frequency resulted then from computing the
grand average across all epochs and trials. The resulting
individual alpha peak frequencies (IAF) are reported in
Table 1.

Subject S1 S2 S3
IAF (Hz) 11.02± 0.08 10.42 ± 0.05 10.21 ± 0.09

Table 1: Individual alpha peak frequencies in the ab-
sence of flicker stimulation.

4.2 Alpha peak frequency during the stimula-
tion

The alpha peak frequency during the stimulation period
(seconds from 5 to 9) were estimated similarly to the
procedure described in Section 4.1.

The SSVEP time course for each flicker stimulation
frequency was determined by: i) applying a narrow band
filter centered around the stimulation frequency on the
signal recorded at Oz, ii) squaring the resulting signal,
and iii) applying a soothing running average filter.

The time courses of the alpha peak frequency dur-
ing flicker stimulation for subject S2 and all stimulation
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Figure 5: Average ratios (and corresponding error bars)
between the alpha peak frequency during flicker stimu-
lation and the IAF. The red colored bars indicate the ra-
tios that statistically significantly differ from the unity.
Top: subject S1, Middle: subject S2, and bottom: sub-
ject S3.

frequencies are depicted in Figure 4. With the excep-
tion of the curves for the flicker stimulation at 20 Hz,
the alpha peak frequency decreases after stimulation on-
set, reaches a minimum, and starts increasing around 3
seconds after stimulation onset, i.e. when the SSVEP
response starts to habituate, i.e. the amplitude of the
SSVEP decreases.

To test this trend, we have computed the average ra-
tio between the alpha peak frequency during stimulation
and the IAF (see Section 4.1). For each stimulation fre-
quency, a Wilcoxon test [15] was used to test whether
resulting ratios were significantly different from unity.
Figure 5 shows the average ratios (and the correspond-
ing error bars) forall stimulation frequencies and sub-
jects. The bars in red indicate statistically significant
values. Due to the multiple comparison problem, the
single case significance level was decreased using Bon-
ferroni corrections [16] from 0.01 to 0.01

14 = 7.14 · 10−4.
Subjects S1 and S2 exhibit a significant decrease of the
alpha peak frequency during flicekr stimulation.

To assess if the SSVEP dynamics and that of the al-
pha peak frequency evolve in opposite directions during
flicker stimulation, we have computed the Kendall cor-
relation coefficient [17] between the time courses of the
SSVEP and the alpha peak frequency for each subject
and stimulation frequency. The results are reported in
Table 2. As it can be seen, the opposite evolution trend,
i.e. the SSVEP increases while the alpha peak frequency
decreases and vice-versa, does hold for subject S5 and
to a lesser extent for subject S6.

5. CONCLUSIONS

In [3, 4] it is suggested that the alpha peak frequency
is positively correlated with mental task difficulty. In
this paper, most of the statistically significant results
(see Figure 5) indicate that the alpha peak frequency
decreases during flicker stimulation. Following the logic
in [3, 4], this seems to indicate a low brain process-

Freq. (Hz) S1 S2 S3
19 -0.45 (0.00) 0.19 (0.00) -0.44 (0.00)
20 0.70 (0.00) -0.09 (0.00) -0.01 (0.76)
24 0.30 (0.00) -0.21 (0.00) -0.25 (0.00)
25 0.22 (0.00) -0.07 (0.00) -0.03 (0.17)
27 0.28 (0.00) -0.62 (0.00) -0.21 (0.00)
29 0.30 (0.00) -0.60 (0.00) 0.17 (0.00)
30 0.43 (0.00) -0.36 (0.00) 0.19 (0.00)
32 0.12 (0.00) -0.60 (0.00) 0.25 (0.00)
34 0.21 (0.00) -0.69 (0.00) -0.39 (0.00)
35 0.33 (0.00) -0.11 (0.00) -0.28 (0.00)
37 0.37 (0.00) 0.12 (0.00) -0.14 (0.00)
39 -0.19 (0.00) -0.37 (0.00) 0.56 (0.00)
40 0.01 (0.60) -0.44 (0.00) -0.41 (0.00)
45 -0.16 (0.00) -0.11 (0.00) -0.32 (0.00)

Table 2: Kendall correlation between SSVEP power
time course and alpha peak frequency time course. (p–
values in parentheses.)

ing load of flickering stimulation. This may provide in-
teresting explanatory elements about the fast habitua-
tion of the brain to repetitive stimuli. It is well known
that repetitive sensory stimuli are ignored after some
time. This paper argues that further studies of this phe-
nomenon using the alpha peak dynamics are needed.

The analysis presented in this paper was made possi-
ble by the utilization of high resolution matching pursuit
methods. As shown in Figure 3, the MP-TFR provides
the representation that most closely reflects the neuro-
physiologic processes in the brain under flicker stimula-
tion.
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Figure 4: Time courses of the alpha peak frequency for subject S2 at all flicker stimulation frequencies. In green,
the SSVEP power is represented. In blue and red, are respectively represented the time course of the alpha-peak
frequency and its smoothed version.
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