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Abstract—Visual Evoked Potential (VEP) is used for the
diagnostics 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). Traditionally identification of VEP depends on the visual
inspection of components by an expert. Currently supervised
machine learning techniques have been applied to replace or
to complement the visual inspection performed by the expert.
In this paper, we propose an unsupervised framework for the
identification of VEP in MEG measurements. In order to identify
the VEP, we separate the measurement into two groups: the
measurement without VEP and the measurements with VEP.
Next, we compare the components from both groups in order
to identify the components with VEP in the measurements with
VEP. We validate our results using measurements from the Jena
University Hospital.

I. INTRODUCTION

The identification of Visual Evoked Potential (VEP) is
crucial for several medical applications. For instance, ex-
amination of epilepsy conditions can be performed by the
observation of the VEPs of Electroencephalography (EEG)
and Magnetoencephalography (MEG) measurements during
repetitive flicker stimulation. The VEP investigation is used
to understand fundamental mechanisms of the bioelectrical
rhythmic activity in the human brain.

In order to perform the VEP analysis from EEG or MEG
measurement, Blind Source Separation (BSS) schemes, such
as the Independent Component Analysis (ICA), are neces-
sary. Traditionally the identification of the VEP component
is subjectively and visually performed by an expert [7],
[10], [11]. Currently supervised machine learning schemes
have been proposed [12], [13], [14], [15], [16], [17], [18].
However, such schemes require training data set validated
by an expert.

In this paper, we propose an unsupervised framework
for the identification of VEP in MEG measurements. In
order to identify the VEP, we separate the measurement
into two groups: the measurement without VEP and the
measurements with VEP. Next, we compare the components
from both groups in order to identify the components with
VEP in the measurements with VEP. 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,
we propose an unsupervised framework for the identifica-
tion of VEP in MEG measurements. In Section IV, we show
the experimental results comparing the state-of-the-art vi-
sual inspection approach and the proposed unsupervised
framework. In Section V, conclusions are drawn.

II. EXPERIMENTAL PROCEDURE AND PREPROCESSING OF THE

MEASUREMENTS

The measurements were performed in 2010 with 15
healthy volunteers using the Elekta Neuromag with flicker
stimulation in the Biomagnetic Center at the Jena University
Hospital. The measurements were composed of 306 MEG
channels and 128 EEG channels, being 124 for EEG elec-
trodes and 4 for Electrooculography (EOG) electrodes (two
eyes, horizontal and vertical). For each volunteer, the alpha
frequency is determined. Next, the repetitive flicker stimu-
lation, 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
measurements 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 as a multiple of the flash light period.

In Figure 1, the steps to perform the frequency analysis
of the measurements is presented. By performing the fre-
quency analysis of the components of the measurements,
the VEP components can be subjectively found by visual
inspection.

As shown in Figure 1, the data is 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



Fig. 1. Steps for the visual inspection of the frequency analysis of the
MEG measurements

Hz and 45 Hz are considered in our analysis. Due to the
interference of the electrical network at 50 Hz, a notch filter
is also applied at this frequency.

Still according to Figure 1, the segmented and filtered
data can be then decomposed into components by applying
a blind source separation (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 [3], [4], [5], [6].

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 analyzed, 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. In
Figure 1 and in this paper, the frequency analysis is chosen.
For the sake of simplicity, in this work, the results are eval-
uated in the frequency domain by first applying a Hanning
window 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.

III. PROPOSED UNSUPERVISED FRAMEWORK FOR THE VEP
IDENTIFICATION

In this section, we propose the unsupervised framework
for the identification VEP components in the MEG mea-
surements. The proposed of framework is based on the
computation of the angular distance between ICA compo-
nents of the measurements with stimulation and without
stimulation.

In Figure 2, the MEGMAG channel matrices without
stimulation X ′ and with stimulation X are depicted. Still
in Figure 2, the components of the measurements with
and without stimulation are compared using two main ap-
proaches. The first approach is the proposed unsupervised
and the second approach is the traditional visual inspection
of the frequency analysis of the ICA components.

By using the proposed framework, the channel subspaces
of the ICA components of the measurements with and
without stimulation are compared. By performance such
comparison, the VEP components can be identified. Note
that there is no similar unsupervised approach in the
literature.

Fig. 2. Overview of the proposed unsupervised framework to compare the
components of the measurements with and without stimulation

A. Metrics to compare the measurements without and with
stimulation

By applying the proposed unsupervised framework in
Figure 2, the normalized angular distance between the
vectors of the channel matrix is compared in order to auto-
matically identify the VEP components. In this subsection,
the details of the proposed metric are presented.

According to Figure 2, the vectors of the mixing matrices
of the measurements with and without stimulation are
compared. As shown in Figure 2, the VA(t ) corresponds to
the set of VEP components found by using the proposed
unsupervised framework.

In order to further extend the proposed unsupervised
framework, we define Ψm = Am(t ) and Ψo = Ao(t ). There-
fore, due the previous definition, the matrix Ψ includes the
channel information.

In (1), we compute the normalized angular distance two
vectors of the matrices Ψm ∈RM ′×Im and Ψo ∈RM×I AIC m .

φp,q = arccos |Ψ̄m(:, p)TΨ̄o(:, q)|
φ
2

, (1)



where Ψ̄m(:, p) = Ψm (:,p)
‖Ψm (:,p)‖ , Ψ̄o(:, q) = Ψo (:,q)

‖Ψo (:,q)‖ , p =
1, · · · , Im and q = 1, · · · , Io . Note that the variable φp,q is
normalized, such that the angular distance ranges from 0 to
1. In case that φp,q is close to 1, then the angular distance
between Ψm(:, p) and Ψo(:, q) is small. In such case, the
vector Am(:, p) is considered a VEP component.

Fig. 3. Illustration of the normalized angular distance φp,q between the
vectors Ψ̄m (:, p) and Ψ̄o (:, q).

According to Figure 4, each vector Ψ̄m(:, p) with Ψ̄o(:, q)
for q = 1, · · · , Io is compared and, for each comparison,
a respective normalized angular distance is obtained as
shown in (1). As shown in Figure 5, the minimal normalized
angular distance for all normalized angular distance is
computed. Therefore, the vector φmi n ∈ RI

m is obtained by
computing its elements φp,mi n for p = 1, · · · , Im .

Fig. 4. Illustration of the normalized angular distance φp,q between Ψ̄m (:
, p) and Ψ̄o (:, q) for q = 1, · · · , Io .

Fig. 5. Estimation of the minimal normalized angular distance φmi n ∈
RI

m via the selection of the miminal angular distance φp,q for all vectors
Ψ̄m (:, p) for p = 1, · · · , Im .

B. Proposal of the threshold parameter for the identification
of the VEP components

According to Subsection III-A, for the identification of the
VEP components, the minimal normalized angular distance

φp,mi n , for p = 1, · · · , Im , should be used to define if the
corresponding component is VEP or not. Hence, the value
of φp,mi n should be evaluated. If φp,mi n is small enough, the
corresponding p-th component of the measurement with
stimulation is considered a VEP component. On the other
hand, if φp,mi n is great enough, the p-th component of
the measurement with stimulation is not considered a VEP
component.

In this subsection, we define a threshold parameter τ,
such that the VEP components between p-th IC of the mea-
surement with stimulation are identified. We can rewrite
the statement mathematically in the following fashion. If
φp,mi n > τ, the Ψ̄m(:, p) belongs to Ψ̄o . On the other hand,
if φp,mi n ≤ τ, then p-th component is not a component,
therefore, Ψ̄m(:, p) belongs to Ψ̄o .

By dividing the measurements without the stimulation
in two parts, the ICs of groups of measurements without
stimulation are compared according to Subsection III-A.
Next, the histogram of φp,mi n is built. The value of τ is
obtained by computing the maximal mi n(φmi n) of the
histogram.

An example of the threshold τ is depicted in Figures 6
and 7. In Figure 6, the normalized angular distance between
components and the rate of occurrence in the x axis and y
axis, respectively. According to Figures 6 and 7, the maximal
value of the minimal normalized angular distance of the
ICs components of the measurements without stimulation
is smaller than τ< 0.6. Hence, the value of τ is 0.6.

Fig. 6. Automatic estimation of τ using the histogram of φp,mi n for two
groups of measurements without stimulation

IV. EXPERIMENTAL RESULTS

In this section, the experimental results are presented.
In Subsection IV-A, the results using the τ= 0.6 computed
in Subsection III-B are shown, while in Subsection IV-B, a
comparison of the identified VEP components using visual
inspection and the identified VEP components using the
proposed unsupervised framework is detailed.

A. Automatic Evaluation of the Threshold Parameter

In Figure 8, the histogram of φp,mi n obtained comparing
the measurements with and without stimulation for a stim-



Fig. 7. Automatic estimation of τ using the histogram of φp,mi n for two
groups of measurements without stimulation

ulation frequency of 21.73 Hz is depicted. By using τ= 0.6,
the components can be identified.

Fig. 8. Validation of the estimated τ using the histogram of φp,mi n
using the measurements with and without stimulation for a stimulation
frequency of 21.73 Hz

The results obtained from the histograms in Figure 8 are
summarized in Table I.

TABLE I
RESULTS OF THE PROPOSED UNSUPERVISED FRAMEWORK TO IDENTIFY THE

VEP COMPONENTS

VA(t )

fs = 21.73 Hz 1, 2, 4, 6, 12, 23

B. Comparison between the visual inspection and the pro-
posed unsupervised framework

In order to estimate the amount of ICs components,
we refer here to the ICASSO approach [1], [2], [3]. The
visual inspection of the frequency analysis is first performed
computing the average of the spectral amplitude of the
MEG channels from 50 to 102. Note that, in this type
of visual inspection, the component is said to be VEP if
the frequency peak is a harmonic value of the stimulation
frequency.

In Figure 10, an example of the visual inspection of the
average of the spectral amplitude of the MEG channels from

Fig. 9. Visual inspection of the average of the spectral amplitude of the
MEG channels from 50 to 102 for the stimulation frequency 21.73 Hz

50 to 102 is depicted. Note that the first peak is equal to
the stimulation frequency fs = 21.73 Hz from Table I.

Fig. 10. Visual inspection of the average of the spectral amplitude of the
MEG channels from 50 to 102 for the stimulation frequency 21.73 Hz

In Figure 11, an example of the visual inspection of the
average of the spectral amplitude of the MEG channels from
50 to 102 is depicted. Note that the first peak is equal to
the stimulation frequency fs = 21.73 Hz from Table I.

Fig. 11. Visual inspection of the average of the spectral amplitude of the
MEG channels from 50 to 102 for the stimulation frequency 21.73 Hz

In Table II, the VEP components identified via the visual
inspection of the average spectral amplitude are indicated.
Due to the lack of space not all components are presented
in this paper. However, the selected components via visual



Fig. 12. Visual inspection of the average of the spectral amplitude of the
MEG channels from 50 to 102 for the stimulation frequency 21.73 Hz

inspection are 1, 4, 6, 8, 12, 13 and 16 as shown in Table
in II.

Next, we apply a second method for visual inspection
based on the topography. Since the stimulation is visual,
then the visual cortex should be activated. Therefore, the
magnitude of the signals of the electrodes located on the
visual cortex, located on the back part of the head, is
expected to be greater than the amplitude of the signals
of the electrodes located in other parts of the head. Note
that the region related to the visual cortex is highlighted
using a red selection.

According to Figures 14 and 15, the magnitude of the
signals of the electrodes located on the visual cortex is
greater than most of the electrodes located on the other
parts of the head.

Fig. 13. Visual inspection via the topography for a stimulation frequency
equal to 21.73 Hz

As shown in Figure 15, the signals of the electrodes from
97 to 101 present the greatest magnitude.

TABLE II
IDENTIFIED VEP COMPONENTS USING THE TWO VISUAL INSPECTION

APPROACHES, NAMELY, AVERAGE SPECTRAL AMPLITUDE AND TOPOGRAPHY

VV

Channel average of
the spectral amplitude

via visual inspection

Topography via
visual inspection

Combination

fs = 21.73 Hz 1, 4, 6, 8, 12, 13, 16
1, 3, 4, 6, 8, 9, 10,

12, 14, 16, 17,
19, 20, 21, 22

1, 4, 6, 8, 12, 16

Fig. 14. Visual inspection via the topography for a stimulation frequency
equal to 21.73 Hz

Fig. 15. Visual inspection via the topography for a stimulation frequency
equal to 21.73 Hz

Fig. 16. Visual inspection via the topography for a stimulation frequency
equal to 21.73 Hz

In Table II, the VEP components identified via the visual
inspection of the topography are indicated. Due to the lack
of space not all components are presented in this paper.
However, the selected components via visual inspection are
1, 3, 4, 6, 8, 9, 10, 12, 14, 16, 17, 19, 20, 21 and 22 as shown
in Table in II.

Still in Table II, we include the VEP components that
appear using both techniques of visual inspection. By
combining both techniques, we reduce the probability of
false detection.

In Table III, we compare the identified VEP components
using the combined visual inspection in Table II and using
the proposed unsupervised framework in Table I. The total
amount of components estimated using ICASSO on the



measurements with stimulation is 23. The visual inspection
with the combination of approaches allows the identifica-
tion of 6 components. Similarly, the proposed unsupervised
framework also identified 6 components. Note that the
components 1, 4, 6, and 12 are present in the visual
inspection with both approaches and in the proposed unsu-
pervised framework. Therefore, the proposed unsupervised
framework presented a successful rate of 66.6 %. Note that
the components 2 and 23 are wrongly identified as VEP
by the proposed unsupervised framework. Therefore, the
rate of non-identifying the VEP component is of 33.3 %.
The components 8 and 16 are not identified as VEP by the
proposed unsupervised framework. Therefore, the rate of
false detection is of 33.3 %.

TABLE III
COMPARISON OF THE IDENTIFIED VEP COMPONENTS USING THE COMBINED

VISUAL INSPECTION IN TABLE II AND USING THE PROPOSED UNSUPERVISED

FRAMEWORK IN TABLE I

VA(t ) VV

fs = 21.73 Hz 1, 2, 4, 6, 12, 23 1, 4, 6, 8, 12, 16

V. CONCLUSIONS

In this paper, we propose an unsupervised framework
for the identification of VEP in MEG measurements. The
proposed framework can be used to replace or to comple-
ment the traditional visual inspection based approaches.
Moreover, in contrast to the current supervised machine
learning schemes, the proposed framework does not require
any training data set. The presented results are validated
using measurements from the Jena University Hospital. By
applying the ICASSO in the measurements, a total of 23
components are estimated. Although the state-of-the-art
visual inspection approach and the proposed unsupervised
framework find the same amount of components, the accu-
racy of the proposed framework is of 66.6 % without using
any training data set.
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