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Abstract—Visual Evoked Potential (VEP) allows the diagnos-
tics of illnesses in the optic nerve and the examination of
seizure disorders, such as epilepsy. In order to analyze the VEP,
variations of the neural electric tensions on the area of visual
cortex in the occiput are measured by Electroencephalography
(EEG) and Magnetoencephalography (MEG). Although tradition-
ally no algorithm is applied for the estimation of the amount
of components and this estimation is subjectively and visually
performed by an expert, there are schemes for this task in
the literature, such as ICASSO. Drawbacks of ICASSO are its
huge computational complexity and its dependence on human
intervention to define thresholds in order to correctly find
the amount of resolvable components. In addition, traditional
eigenvalue based information theoretic criteria (ITC), such as
Akaike Information Criterion (AIC) and Minimum Description
Length (MDL), completely fail to estimate the amount of
components when directly applied to MEG measurements.

In this work, we propose a modification of the traditional
eigenvalue based ITC, such that their estimates of the amount
of components are similar to the ICASSO estimates. Moreover,
the modified ITC presents a dramatical reduction in the com-
putational cost in comparison with ICASSO. We validate our
results using measurements from the Jena University Hospital.

I. INTRODUCTION

Research on Visual Evoked Potential (VEP) is crucial for
several medical applications. For instance, for the diagnos-
tics of illness on the optic nerve, Visual Evoked Potential
(VEP) can be measured on the visual cortex using Elec-
troencephalography (EEG) and Magnetoencephalography
(MEG). In addition, examination of epilepsy conditions
can be performed by the observation of the VEPs during
repetitive flicker stimulation. The VEP investigation in the
presence of IPS is not only applied for epilepsy research
but also to investigate the fundamental mechanisms of the
bioelectrical rhythmic activity in the human brain.

One crucial step in the VEP analysis from EEG or MEG
measurements is the selection of the amount of com-
ponents before applying a Blind Source Separation (BSS)
schemes, such as the Independent Component Analysis
(ICA). Although traditionally no algorithm is applied for
the estimation of the amount of components and this
estimation is subjectively and visually performed by an
expert [7], [10], [11], there are schemes for this task in the
literature, such as ICASSO [3]. Drawbacks of ICASSO are its

huge computational complexity and its dependence of hu-
man intervention to define thresholds in order to correctly
find the amount of resolvable components. In addition,
traditional eigenvalue based information theoretic criteria
(ITC), such as Akaike Information Criterion (AIC) [4], [5]
and Minimum Description Length (MDL) [5], completely
fail to directly estimate the amount of components from
the MEG measurements.

In this work, we propose a modification of the tradi-
tional eigenvalue based ITC, such that their estimates of
the amount of components are similiar to the ICASSO
estimates. Moreover, the modified ITC presents a dramatical
reduce in the computational cost in comparison with the
ICASSO. We validate our results using measurements from
the Jena University Hospital.

This paper is divided into six sections including this
introduction. In Section II, we summarize the experimental
procedure to perform the measurements and the prepro-
cessing steps of the acquired measurements. In Section III,
the state-of-the-art approach ICASSO and the traditional
eigenvalue based ITC are overviewed. In Section IV, the
modified expression of the ITC to estimate the amount
of components of MEG measurements is proposed. In
Section V, we show the experimental results comparing the
state-of-the-art approches and the proposed modified AIC.
In Section VI, conclusions are drawn.

II. PROCESSING OF THE MEASUREMENTS FOR FREQUENCY

ANALYSIS

The measurements were performed in 2010 with 15
healthy volunteers using the Elekta Neuromag with flicker
stimulation in the Biomagnetic Center at the Jena Univer-
sity Hospital. The measurements were composed of 306
MEG channels and 128 EEG channels, being 124 for EEG
electrodes and 4 for Electrooculography (EOG) electrodes
(two eyes, horizontal and vertical). For each volunteer,
the alpha frequency is determined. Next, the repetitive
flicker stimulation, also known as photic driving, is applied
considering 25 different stimulation frequencies ranging
from 0.40 to 2.30 times the alpha frequency. For each block
with a single frequency, there were Nz = 30 pulse trains, and
each train was composed of Nw = 40 light flashes. Note that



the MEG measuments are obtained by a magnetometer with
102 channels and two planar gradiometers, one vertical with
102 channels and a horizontal with 102 channels. In this
work, we exploit only the MEG data from the magnetometer
with only 102 channels.

In order to extract the VEP components, we first need
to temporally segment the desired MEG data considering
the right time instants and grouping the measurements
of a same block frequency. This segmentation process can
be performed by exploiting the information from a trigger
channel. Note that the minimum size of a segment can be
computed by using the flash light period. Therefore, the
segment size is a multiple of the flash light period.

The segmented data is then filtered in the frequency
domain by applying a high pass filter at 2 Hz and a low
pass filter at 45 Hz. Therefore, only the signals ranging from
2 Hz and 45 Hz are considered in our analysis. Due to the
interference of the electrical network at 50 Hz, a notchfilter
is also applied at this frequency.

The segmented and filtered data can be then decom-
posed into components by applying a blind source separa-
tion (BSS) scheme. In this work, we consider the FastICA,
that is one type of implementation of the Independent
Component Analysis (ICA) [8]. We refer to [2], [10] for more
detailed information about the FastICA. Note that for the
application of any BSS scheme, the amount of components
should be known. The state-of-the-art approaches for the
estimation of the amount of components are discussed in
Section III.

After the extraction of the Independent Components via
FastICA, we obtain a vector of size NzNwNs samples for
each channel and each component. Note that Ns is the
amount of samples in a flash period. In order to improve
the resolution of the data to be analysed in Section V,
each matrix can be restructured by applying an overlap (L)
between the vectors. We define the overlap being 0 ≤ L < 1
and the resolution R as being the amount of light flash
periods of each vector. Therefore, by incorporating the
overlap and resolution, we obtain the reshaped overlapped

matrix T ∈R Nz Nw
R(1−L) ×RNs .

The matrix T can be investigated in the time domain,
frequency domain and in the time-frequency domain. For
the sake of simplicity, in this work, the results are evaluated
in the frequency domain by first applying a Hanning win-
dow to avoid spectral leakage and then applying the Fast
Fourier Transform into each row of the matrix T . Finally,
in order to increase the SNR and assuming that the VEP is
stationary, we compute the modulus and then the average
of all NzNw

R(1−L) columns of the matrix T resulting into only
one vector t̄ m,i ∈ RRNs for the m-th channel and for i -th
component. In Section V, the frequency vectors t̄ m,i for
different values of i are considered.

III. STATE-OF-THE-ART APPROCHES FOR THE ESTIMATION OF

THE AMOUNT OF COMPONENTS

According to Section II, the estimate of the amount of
components is a crucial parameter necessary for any BSS
scheme, such as FastICA. Therefore, in this section, we
present the state-of-the-art approaches for the estimation
of the amount of components. In Subsection III-A, an
overview of ICASSO is provided, while, in Subsection III-B,
an overview of eigenvalue-based ITC is presented.

A. Estimation of the amount of components by visual in-
spection via ICASSO

ICASSO is a FastICA based approach that exploits the fact
that if the amount of components is correctly estimated,
then the different realizations of the FastICA may result
into very well distinguished clusters [3]. In general, the
following instantaneous mixture data model is assumed for
the derivation of BSS schemes.

X 0 =
Le∑

l=1
X (e)

l =
Le∑

l=1
a(e)

l s(e)
l = A(e)S(e), (1)

where X 0 ∈ RM×N is the measured data without noise and
X (e)

l are denoted as the Le well distinguished components
or resolvable components or speculare components. The
mixture matrix A(e) ∈RM×Le includes the vectors a(e)

l for l =
1, . . . ,Le. The source signal matrix S(e) ∈RLe×N is composed
of the source vectors for each group of neurons s(e)

l ∈R1×N

for l = 1, . . . ,Le. We define that N = NzNwNs. As mentioned
in Section II, M = 102 channels for the magnetometer MEG
measurements.

A more complete model in comparison with (1) is given
as follows

X =
Le∑

l=1
X (e)

l +
Ld∑

l=1
X (d)

l +N , (2)

where X ∈RM×N is the magnetometer channel matrix, X (e)
l

is the l -th specular component, X (d)
l is the l -th dense

component and N is the noise. Note that Le and Ld are
the amount of specular components and the amount of
dense components, respectively [10].

In order to apply the ICASSO to estimate the amount
of components, a crucial user defined parameter is the
maximum amount of components denoted by Lmax . By
increasing too much Lmax , the computational complexity
and necessary memory of ICASSO becomes even more
prohibitive. However, a small number of Lmax may result
into Lmax < Le implying into a high risk of not finding
the VEP component. The more realizations of FastICA are
performed, the better is the ICASSO performance. The
authors in [3] recommend approximately 25 realizations at
least for a good accuracy for ICASSO. However, in this case,
the computational burden of ICASSO is extremely high, if
the amount of sensors and snapshots of the measured data
are large.



By applying ICASSO, the estimation of the amount of
both specular and dense components is feasible. In order
to exemplify, we consider Figures 1 and 2. Figure 1 depicts
the similarity plot obtained by applying ICASSO in our
measurements considering volunteer 1 and the stimulation
frequency at 3.84 Hz. Note that there are clusters that are
very well separated from the other ones. These clusters are
named the specular components. There are also clusters
with overlaps and we refer to them as dense components.
According to [3], the estimation of the amount of com-
ponents should be performed taking into account both
specular and dense components. Therefore, in Figure 1, we
can estimate that Le +1 = 9 components, while Le +Ld = 26
components. Still according to [3], we should apply a BSS
considering the amount of components as Le +Ld = 26. As
mentioned in II, the data is decomposed into components.
However, by using the amount of components equal to
Le + Ld , the ICA returns components that are not inter-
pretable since they are generated not by a single group of
neurons, but for different groups of neurons. Therefore, the
goal is to find an amount of components that is at least
between Le + 1 and Le + Ld such that we guarantee that
the VEP component is present, when the BSS scheme is
applied. By using Le +1 as the amount of components, we
may be able to decompose the measured matrix into Le

specular components and one dense component. On the
other hand, by using Le +Ld as the amount of components,
we may be able to decompose the measured matrix into
Le specular components and Ld dense components. Note
that, if the estimated amount of components is even greater
than Le + Ld , the BSS approach requires an unnecessary
increased computational complexity due to the increased
amount of components. Moreover, noise components can
be mistakenly selected as the VEP component.

Fig. 1. ICASSO similarity plot of block frequency at fs1 = 3.84 Hz of the
first volunteer.

B. Estimation of the amount of components via ITC

In contrast to the ICASSO, that can estimate the com-
ponents as shown in Subsection III-A, the eigenvalue-
based ITC are not suitable to estimate Le and Ld from
the preprocessed measured data matrix X modeled in (2).

Fig. 2. Estimation of the amount of components using ICASSO similarity
plot of block frequency at fs1 = 3.84 Hz of the first volunteer.

Therefore, by applying them in MEG measurements, they
completely fail in the estimation of Le +Ld or Le .

The eigenvalue-based ITC schemes rely on the eigen-
values profile of the sample covariance matrix of X . The
sample covariance matrix is computed as

R̂ X X = X X T

N
∈RM×M . (3)

By applying the Eigenvalue decomposition of (3), R̂ xx can
be written as

R̂ xx = EΣE T, (4)

where E ∈ RM×M is the matrix with the eigenvectors and
Σ ∈ RM×M is a diagonal matrix with the eigenvalues. By
applying the operator diag(·) on Σ, we can extract the vector
of the main diagonal only with the eigenvalues.

By applying diag(Σ) on the expression in (5), we obtain
an estimate of the amount of components. Note that (6) is
composed on two terms. The left term is derived as a func-
tion of the maximum log-likelihood function exploiting the
eigenvalue decomposition, while the right term is denoted
as the penalty function and maps the amount of the degrees
of freedom. By varying k from 0 to M−1, the value of k that
minimizes J (k) is the estimated of components as follows

L̂ = argmin
k

J (k), (5)

J (k) =−N (M −k)log

(
g (k)

a(k)

)
+p(k, N , M), (6)

where L̂ is the estimated amount of components, k is the
candidate value for the amount of components, g (k) is the
geometric mean of the k smallest eigenvalues and a(k) is
the arithmetic mean of the k smallest eigenvalues.

In general each ITC has a specific penalty function
p(k, N , M). For instance, for the Akaike Information Crite-
rion (AIC), the penalty function is given by

p(k, N , M) = k(2M −k), (7)



Another ITC is the Minimum Description Length (MDL)
[5] and its penalty function is given by

p(k, N , M) = 1

2
k(2M −k) log(N ), (8)

Depending on the scenario, for instance, data contam-
inated with colored noise, the Efficient Dection Criterion
(EDC) [6] may result into improved results. Its penalty
function is given by

p(k, N , M) = 1

2
k(2M −k)

p
N ln N , (9)

Finally, the Bayesian Information Criterion (BIC) penalty
function is given by

p(k, N , M) = 2k(2M −k) log(N ), (10)

IV. PROPOSED MODIFIED APPROACHES FOR THE ESTIMATION

OF THE AMOUNT OF COMPONENTS

Although the ITC schemes in Subsection III-B have a very
low computational complexity in comparison with ICASSO,
they are not suitable to estimate Le and Ld from the MEG
data according to the model in (2).

As shown in Subsection III-A, ICASSO requires informa-
tion about the maximum value of the amount of compo-
nents Lmax to work with a non-prohibitive complexity and
memory allocation. In Subsection IV-A, we modify the ITC
schemes by exploiting the information of Lmax . We propose
two different approaches. The first approach is based on
the estimation of the amount of components exploiting
the sample covariance matrix from the estimated channel
matrix using Lmax . In Subsection IV-B, a second approach
very similar to the approach in Subsection III-B is proposed
by replacing M and N by Lmax .

A. Estimation of the amount of components combining
FastICA with ITC

Inspired by the ICASSO, that is based on multiple realiza-
tions of the FastICA, we propose a scheme based on only
one FastICA realization and on the traditional ITC.

By applying the FastICA, we can decompose the data as
follows

X ≈ ÂŜ =
Lmax∑
i=1

âi ŝi , (11)

where Â ∈ RM×Lmax is the estimated mixing matrix and Ŝ ∈
RLmax×N is the estimated source matrix.

By computing the sample covariance matrix of the esti-
mated source matrix, we obtain

R̂SS = SST

N
=σ2

s I ∈RLmax×Lmax , (12)

where σ2
s is the variance of the source signal and I is the

unitary matrix. Due to the FastICA, the vectors ŝi , for i =
1, ...,Lmax , are orthogonal to each other.

Given that R̂ X X from (3) is a full matrix, i.e. not diagonal,
and given that R̂SS is diagonal, then the sample covariance
matrix R̂ A A is full and is given by

R̂ A A = A AT

Lmax
∈RM×M . (13)

Note that since M > Lmax , then R̂ A A has rank Lmax . There-
fore, only the Lmax greatest eigenvalues of R̂ A A are different
from zero and the remaing M −Lmax smallest eigenvalues
are equal to zero.

By applying the eigenvalue decomposition, R̂ A A can be
represented as

R̂ A A = E A AΣA AE T
A A , (14)

where E A A is the eigenvalue matrix and ΣA A is the eigen-
vector matrix. The vectors with the eigenvectors are repre-
sented by diag(ΣA A) and are used for the estimation of the
amount of components.

Note that the parameters of (5) are function of the size
of X̂ ∈ RM×N . Therefore, we can modify (5) to the size of
Â ∈ RM×Lmax . Hence, we can rewrite (5) in the following
fashion

J (k) =−Lmax (Lmax −k)log

(
g (k)

a(k)

)
+p(k,Lmax,Lmax), (15)

where g (k) and a(k) are the geometric and the arithmetic
mean of the k smallest elements of the following vector
diag(Σaa)(1 : Lmax ). Note that diag(Σaa)(1 : Lmax) has the
non-zero eigenvalues of Â.

Comparing (5) and (15), we note that M is replaced by
Lmax, since M is the maximum value of the amount of
components. Moreover, N is replaced by Lmax, since the
total amount of samples of Â is given by Lmax.

B. Estimation of components R̂ xx the modified ITC ap-
proaches

Inspired by the approach proposed in Subsection IV-A,
we can select the Lmax greatest eigenvalues of diag(Σ)(1 :
Lmax) from (4). In this case, we apply diag(Σ)(1 : Lmax)
directly into (15).

V. EXPERIMENTAL RESULTS

In this section, we compare the performance of the state-
of-the-art approaches in Section III with the proposed mod-
ified scheme in Section IV in terms of accuracy and time
processing. In Subsection V-A, we compare the schemes in
terms of accuracy considering the ICASSO as a reference
due to the visual inspection, while, in Subsection V-B, we
compare the schemes in terms of time processing. For the
results of this section, we have selected the measurements
of the first volunteer and only two block frequencies: 3.84
Hz and 21.73 Hz.

A. Comparing schemes in terms of estimation of the amount
of components

By applying the ICASSO according to Subsection III-A,
we obtain the results in Table I. Note that L̂d > L̂e in both
scenarios and note that L̂e is greater than the traditional



TABLE I
ESTIMATED AMOUNT OF COMPONENTS OF MEASUREMENTS WITH AND

WITHOUT STIMULATION OF THE FIRST VOLUNTEER.

L̂e +1 L̂e + L̂d

fs1 = 3.84 9 26
fs2 = 21.73 Hz 9 22

values used the literature [8], [10], [11] , such as 1 to 5
components.

Next we evaluate the performance of the traditional ITC
schemes in Subsection III-B. As shown in Figure 3, the
eigenvalues profile does not follow the assumptions used
in their derivation. One major assumption is the flat profile
for the noise eigenvalues. In total there are 102 eigenvalues.
Therefore, note that the 64 greatest eigenvalues are much
higher than the 38 smallest eigenvalues. This break in
eigenvalue profile degrades the estimation of Le + 1 and
Le +Ld performed by the state-of-the-art ITC reviewed in
Subsection III-B.

Fig. 3. Estimation amount of components using the state-of-the-art ITC
shown in Subsection III-B using the main diagonal of the matrix (ΣX ) of
the measurements of block frequency at 3.84 Hz of the first volunteer.

As shown in Tables II and III, by using all 102 eigen-
values of diag(Σxx ), all ITC fails indicating an amount of
components equal to 64.

In Figure 4, we compute the Lmax eigenvalues of the
sample covariance matrix R̂ A A for the block frequency
3.84 Hz using the modified expression in (15) proposed in
Subsection IV-A. Note that the estimates of AIC and MDL
equal to 23 and 14, respectively, in Table II are in the range
of ICASSO between L̂e + 1 = 9 and L̂e + L̂d = 26 in Table
I. In this case, both techniques are suitable. If the goal is
to reduce the computational complexity, the MDL is more
suitable due to its underestimation. If the goal is to estimate
more components considering the case that the VEP may be
too weak, then the overestimation of AIC is more suitable.

As shown in Table III, even with the modified expression
in (15) proposed in Subsection IV-A, the EDC and BIC
still fail in the estimation of the amount of components,
since their estimated values 4 and 1, respectively, are much
smaller than L̂e +1 = 9 in Table I.

Fig. 4. Estimation of the amount of components using the state-of-the-
art ITC shown in Subsection III-B using the main diagonal of the matrix
(ΣA )(1 : Lmax ) of the measurements of block frequency at 3.84 Hz of the
first volunteer.

In Figure 5, we apply the modified scheme using the
most simplified expression proposed in Subsection IV-B.
We observe that for the block frequency at 3.84 Hz, the
estimates of AIC and MDL are the same.

For the second block frequency, we observe that AIC
and MDL in Table II still provide an estimate according
to the ICASSO range in Table I. In case of the EDC and
BIC, they only work for fs2 and for the expression based on
the eigenvalues of (ΣA)(1 : Lmax ) with an estimate similar
to the MDL.

Fig. 5. Estimation of the amount of components using the state-of-the-
art ITC shown in Subsection III-B using the main diagonal of the matrix
(ΣX )(1 : Lmax ) of the measurements of block frequency at 3.84 Hz of the
first volunteer.

TABLE II
ESTIMATION OF THE AMOUNT OF COMPONENTS OF THE MEG

MEASUREMENTS VIA AIC UND MDL.

AIC MDL

di ag (ΣA) di ag (ΣX ) di ag (ΣA) di ag (ΣX )
Lmax M Lmax M

fs1 = 3.84 Hz 23 23 64 14 14 64
fs2 = 21.73 Hz 27 23 64 25 13 64



TABLE III
ESTIMATION OF THE AMOUNT OF COMPONENTS OF THE MEG

MEASUREMENTS VIA EDC AND BIC.

EDC BIC

di ag (ΣA) di ag (ΣX ) di ag (ΣA) di ag (ΣX )
Lmax M Lmax M

fs1 = 3.84 Hz 4 4 64 1 1 64
fs2 = 21.73 Hz 25 4 64 25 1 64

B. Comparing schemes in terms of procesing time

Using a desktop computer with a processor of 2.6 GHz,
the processing time of all algorithms is presented in Table
IV. The ICASSO has the highest computational complexity
due to the several FastICA realizations. Its processing time
for a single block frequency is approximately 20 Minutes.

Still in Table IV, the traditional ITC present a very low
computational complexity, although they completely fail for
the estimation of the components as shown in Subsection
V-A.

The first scheme proposed in IV-A presents a processing
time of approximately 0.5 minute, which is almost 40 times
faster than ICASSO. The second scheme proposed in IV-B
presents a processing time of approximately 0.18 second.
Therefore, the second proposed scheme is almost seven
times faster than ICASSO.

TABLE IV
COMPARISON OF THE TIME PROCESSING FOR THE PROPOSED AND

STATE-OF-THE-ART APPROACHES

Approach
Absolute

time processing
Relative

value

Accuracy in
comparison with

ICASSO

ICASSO
1246.9 s

≈ 20.8 min
6927.2 OK

State-of-the-art ITC
from Subsection III-B
using di ag (ΣX )(1 : M)

0.18 s 1 NOK

State-of-the-art ITC
from Subsection III-B

using di ag (ΣX )(1 : Lmax )
0.18 s 1 OK

State-of-the-art ITC
from Subsection III-B

using di ag (ΣA )(1 : Imax )

31.0831 s
≈ 0.5 min

172.6 OK

VI. CONCLUSIONS

One crucial step in the VEP analysis from EEG or MEG
measurements is the selection of the amount of com-
ponents before applying a Blind Source Separation (BSS)
schemes, such as the fast Inpedendent Component Analy-
sis (FastICA). The state-of-the-art approach ICASSO has a
significant computational complexity and the dependence
of human intervention to define thresholds in order to
correctly find the amount of resolvable components. On the
other hand, traditional eigenvalue based information the-
oretic criteria (ITC), such as Akaike Information Criterion
(AIC) and Minimum Description Length (MDL) completely

fail to directly estimate the amount of components from
the MEG measurements.

In this work, we propose a modification of the traditional
eigenvalue based ITC, such that an estimate of the amount
of components are similar to the ICASSO can be achieved.
Moreover, the modified ITC presents a dramatical reduce
in the computational cost in comparison with ICASSO.
We validate our results using measurements from the Jena
University Hospital.
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