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Abstract—Steady state visually evoked potentials (SSVEPs),
recorded from the central nervous system of humans using
electroencephalography (EEG) in response to visual stimuli, have
recently gained attention in cognitive and clinical neuroscience
[1]. Here, we fuse EEG SSVEPs with recordings from functional magnetic resonance imaging data (fMRI), utilizing the
millisecond temporal resolution of the former and the excellent
spatial resolution of the latter. In particular, we propose a spatiofrequency EEG/fMRI fusion framework to recover the frequency
content from the EEG and spatial information from the fMRI
to enhance our understanding of SSVEPs. Notably, we consider
fused analysis of fMRI and EEG data collected independently.
We demonstrate that the proposed approach is a practical datadriven method to achieve spatio-frequency fusion of EEG and
fMRI SSVEP responses.

I. I NTRODUCTION
Sensory evoked potentials (SEPs) are electrical potentials
generated by the brain in response to sensory organ stimulation. Prolonged visual stimuli consisting of sinusoidally modulated monochromatic light evoke a special type of SEP called
‘steady-state visually evoked potentials” (SSVEPs). SSVEPs
are periodic evoked responses, with a stationary distinct spectrum showing characteristic SSVEPs peaks, stable over time
[1]. They are best observed in the frequency or time-frequency
domains. SSVEPs have been studied in multiple paradigms
in cognitive research (primarily regarding visual attention[2],
binocular rivalry[3][4] and working memory[5]–[10]) as well
as in the context of clinical neuroscience [11]–[13]. The primary technique for studying SSVEP is electroencephalography
(EEG; see e.g. [14]–[17]). EEG reﬂects electrical activity
resulting from the summation over thousands of synchronously
activated post-synaptic potentials in the brain, and is measured
through electrodes attached to the scalp. The time-resolution
of EEG is excellent, at the level of milliseconds. However,
the technique suffers from poor spatial resolution (at the level
of centimeters). Magnetic resonance imaging (MRI), on the
other hand, offers excellent spatial resolution. MRI involves
measurements of signals derived from intrinsic atomic properties of matter and enables noninvasive detailed exploration
of biological tissues [18]. In particular, local blood oxygenation changes in response to neural processing measured with
functional MRI (fMRI) provides an effective, albeit indirect,
indication of relative levels of brain activity [19]. In contrast,
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fMRI suffers from poor temporal resolution, in the range of
three to four seconds. Combined, therefore, EEG and fMRI
provides excellent temporal and spatial resolution, and there
is a growing interest in utilizing both modalities in the study
of SSVEPs (see e.g. [20], [21]). However, traditional analysis
approaches to EEG and fMRI differ fundamentally. Research
EEG is typically treated as time-series, where response estimates are formed from averaging over numerous events [22].
In fMRI, the governing approach is anatomically locating
average activity using statistical techniques based on the
general linear model and extensive t-testing [23]. Following
this fragmented approach, conventional multimodal studies
process data independently and, subsequently, estimate intermodality coupling using post hoc juxtaposition through statistical correlation measures. Truly integrated analysis, in contrast, makes explicit a priori assumptions about the coupling
between the modalities. The superiority of such fused analysis
over juxtaposition techniques was recently demonstrated in a
study of the coupling between fMRI and EEG brain activity:
from an information-theory point of view, the distribution of
responses from the fused modalities was more informative than
any single modality [24]. In this paper, we evaluate a true
fusion approach to analysis of EEG and fMRI data collected
during SSVEPs. To achieve this, we used joint independent
component analysis (jICA), which is a blind source separation
technique that derives a spatiotemporal solution with jointly
estimated maximally independent sources of between-subject
effects [25].
In previous applications, the jICA framework has been
used for fusion of fMRI and transient event-related potentials
(ERPs) in the EEG [25]–[27]. Since the SSVEP EEG response
is reﬂected in a stationary wave rather than a transient evoked
event, however, the response is better deﬁned in the frequency
than the time domain. Nevertheless, the origin of the data is
essentially irrelevant for the jICA analysis [25], [28], [29]. We
therefore speciﬁcally attempted to fuse the SSVEP frequency
information of the EEG with the spatial information from the
fMRI.
II. M ETHODS
We ﬁrst describe the SSVEP data acquisition paradigm
and subjects, common to both EEG and fMRI. We then
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outline the fMRI and EEG data acquisition and preprocessing,
respectively. Finally, we detail the joint ICA approach.
A. SSVEP Paradigm
SSVEP stimulation consisted of ﬂickering white screens,
displayed using Avotec optic ﬁber goggles (Silent Vision
googles, visual angle 18x24◦ ). During stimulation, subjects
observed a ﬂickering white/black light generated with a Silent
Vision shutter to control high frequency refreshment rates.
During ﬁxation, subject saw a gray background, isoluminant
with the stimuli. SSVEP was evoked using 21 frequencies from
1 to 100 Hz, displayed in a pseudo-randomized order. The
same sequence of frequencies was presented to all subjects.
The 21 frequencies were distributed in order to regularly match
the harmonics of 10 Hz: [1.0; 1.25; 1.88; 2.5; 3.3; 4.17; 5.0;
6.6; 8.3; 10.0; 13.3; 16.6; 20.0; 26.6; 33.3; 40.0; 53.3; 66.6;
80.0; 90.0; 100] Hz. Each experiment consists of 7 blocks of
9 trials separated by 1 min rest. Each trial consisted of 20 sec.
of rest condition followed by 15 sec. of stimulation. Three
trials were recorded for each frequency (total = 63 trials per
subject).The same protocol was used both for EEG and fMRI
data collection.
B. Subjects
The data were collected in RIKEN Brain Science Institute,
Japan. The study was performed in accordance with the
Declaration of Helsinki and approved by the ethical review
board of RIKEN Brain Science Institute, Japan. Three subjects
participated in the study (all females, right handed, age range
20-25).
C. fMRI acquisition and processing
Magnetic resonance imaging was performed on a 1.5T
scanner. T1-weighted anatomical brain scans were acquired
ﬁrst (voxel size 3.75/ 3.75/ 3.75 mm), lasting approximately
20 minutes. Functional T2*-weighted gradient echo (GE) echo
planar imaging (EPI) sequences with 134 dynamics were
used for BOLD measurements. Four additional dynamics were
used to obtain steady state of tissue magnetization. Functional
EPI volumes were acquired with 25 axial AC-PC aligned
slices (5 mm slice thickness, gap-less, ﬁeld of view 240 x
240 m, matrix = 64 x 64 voxels) covering the entire brain.
The repetition time (TR) was set to 2.583 s with echo time
(TE) of 25 ms. During scanning, the subjects were shown
the visual stimuli described above. The fMRI data were preprocessed in Brainvoyager QX. Pre-processing steps included
realignment, co-registration, segmentation, normalization and
smoothing. To improve signal-to-noise-ratio, the trials were
binned into four frequency bands as follows: low=[1.0, 1.25,
1.88, 2.50, 3.33, 4.17,5.0], low-mid= [ 6.67, 8.33, 10.0],
mid=[13.3, 16.67, 20.0] and high=[26.67, 33.3, 40.0]. First,
contrast images reﬂecting the SSVEP stimuli vs. background
for each of these frequency bands were obtained by applying
a general linear model (GLM) analysis [23] in each subject.
These contrast images were used in the jICA analysis. Second,
we entered all subjects contrast images into a second level
analysis to reveal consistent group level activations.
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D. EEG acquisition and processing
In a separate session, EEG data were recorded in the same
subjects in a shielded room equipment by using Biosemi,
Inc. (Amsterdam, The Netherlands), caps. The Biosemi
cap contained 128 active electrodes positioned according
to the extended 10/20 system. The recorded signal was
sampled at 1024 Hz, along with bandpass ﬁltering in the
range of 5-220Hz range. The acquired data were subject to
analog bandpass ﬁltering, and high-pass ﬁltering with cutoff
frequency of 1Hz and a reference average of all channels
was subtracted. Blind source separation (BSS) was then
used to clean the data of artifacts from muscle and eye
movements, instrumental and other noise. BSS is a method
for recovering the underlying sources from linear mixtures of
signals. BSS consists recovering the unknown sources. The
linear and instantaneous models of BSS can be formulated as:
x = As, where x is observed mixture, A is mixing matrix,
s represents a data matrix as rows the observed signals.
The algorithm for performing BSS was second-order blind
identiﬁcation (SOBI). SOBI minimizes the following criterion:

C(A, λ) = [Ŷ − I ⊗ G(A)λ]W [Ŷ − I ⊗ G(A)λ]

(1)

where, Ŷ is the sources to be estimated, I is the identity
matrix, A is the mixing matrix, λ is the diagonal of the
correlation matrix of x, G is the Kathri-Rao product and W
is the weight matrix. The ⊗ operator refers to the Kronecker
product, given by the following: if A is an m × n matrix and
B is a p × q matrix, then the Kronecker product A ⊗ B is
the mp × nq block matrix.
After cleaning, epochs corresponding to the frequencies
low=[2.50], low-mid= [8.33], mid=[16.67] and high=[33.3]
were extracted and averaged for each subject.
Finally, the power spectrum of the epochs was computed
using the fast Fourier transform.
E. Joint ICA
The idea of jICA is to establish a link between the modalities by representing the data such that the mutually synchronized information is maximized across the modalities and the
information which cannot be mutually represented is removed
[25]. Notably, the origin, spatial and temporal structure of the
data is essentially irrelevant for jICA, suggesting that data
from different subjects, tasks, and modalities can be used
jointly for estimation of components given that the sources
associated with the modalities are modulate in the same way
across all subjects. [25], [28], [29].
Here, we therefore attempt two approaches to joint analysis
of SSVEPs. First, we jointly analyze fMRI and time domain
EEG. Second, we analyze fMRI and EEG frequency domain
data. In our approach, each of the subject’s fMRI and EEG
data are entered individually into the analysis, and the group
of subjects is analyzed into one joint space. We used the jICA
algorithm implemented in the Fusion ICA Toolbox (FIT) [30].
Details of the algorithm can be found in [25].
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These data are presumably generated by mixing some
underlying components of brain activity. Thus, the purpose
is to ﬁnd the original components of brain activity.
Assume a set of latent non-Gaussian neuronal sources as,
s = (s1 , s2 , s3 , ..., sn )

T

(2)

The responses s are transformed by an unknown mixing
matrix A to observe the normally distributed signal X, such
that
x = As

(3)

The features and sources of the mixtures are observed in
the EEG time (or frequency) signal E at time (or frequency)
points t and channel c as AE s
xE = [x1 E (tc), x2 E (tc), ..., xn E (tc)]T

(4)

Similarly, for the fMRI volumes F at respective voxels v
we can express as AF s
xF = [x1 F (v), x2 F (v), ..., xn F (v)]T

(5)

The fused signals can then be extracted from the common
space as:
y EF = [x1 EF (tcv), y2 EF (tcv), ..., yn EF (tcv)]T

(6)

The resulting equation can be expressed as y = W x. The
equation to compute the common unmixing matrix W and the
fused EEG and fMRI sources, uEF , is then
ΔW = η{I − 2y EF (uEF )T }W,

(7)

where η is the learning rate, and the nonlinearity in the
neural network is expressed by:
y EF = g(uEF ),

(8)

where
1
(9)
1 + e−x
The joint ICA model is a generative model, which means
that it describes how the observed data are generated by a
process of mixing the components si . In order to obtain the
sources si , the equation can be written as:
g(x) =

S = Wx

(10)

where W is the unmixing matrix. Once the mixing matrix
A is assumed, the unmixing matrix can be calculated by
performing inverse using least square algorithm.
The inverse of non-square matrix cannot be computed by
normal inverse of square matrix, so the linear least square
solution is used for the purpose:
For x = As

(11)

AT x = AAT s,

(12)

s = (AAT )−1 AT x,

(13)

W = (AAT )−1 AT

(14)

where, in Eq. 10,

III. R ESULTS
We ﬁrst describe the results from the unimodal EEG and
fMRI analyses, respectively, and then we show the results for
the fused analysis.
A. Unimodal analysis: EEG
The analysis of the EEG activity alone showed the typical
steady state oscillation responses (Figure 1A and B), conﬁrming previously published studies [20], [21], [31]. The power
of the main SSVEP frequency was very small for the mid
frequency band (16.7Hz) and almost non-existent for the high
frequency band (26.67Hz). Also, the signals were rather noisy,
possibly due to the low number of trials and few subjects.
B. Unimodal analysis: fMRI
The group level fMRI analysis revealed signiﬁcant activations in the visual cortex for the low and low-mid SSVEP
frequency bands (p<0.05, corrected for multiple comparisons,
Figure 2). The foci of these activation was Talairach coordinates [3, -66, 4] and [9, -68, 3] for the low and low-mid bands,
respectively. These coordinates are within the standard variation for the location of the primary visual cortex (V1) reported
to be located at approximately [9, ’67, 5] [32]. This ﬁnding
conﬁrms identiﬁed SSVEP activations in previously published
fMRI studies [20], [21], [31]. No signiﬁcant activations were
found in the mid and high SSVEP frequency bands (Figure
2).
C. Multimodal analysis: Fused fMRI and EEG
The multimodal analysis was performed for each of the
four different frequency bands. For each frequency band, three
components (corresponding to the number of subjects) were
obtained.
In the temporal domain, the interpretation of the results was
severely hampered by noise. This analysis is therefore omitted
here. Instead, the frequency domain analysis was sucessful,
and the results from this analysis are described in more detail.
Visual cortex components: In the low frequency band, only
the harmonics of the SSVEP frequency (2.5Hz) were detected
(5Hz and up; Figure 3, top panel). In the low-mid and high
frequency bands, in contrast, the joint analysis identiﬁed the
expected SSVEP oscillation frequencies (at 8.33 and 16.67 Hz,
respectively; Figure 3). In all bands, these frequencies were
localized to similar regions in the brain (Figure 3, indicated
by arrows). These regions corresponded to the primary visual
cortex, suggesting that the EEG signal (represented in the
frequency domain) the fMRI activity likely represent the same
neural substrate.
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A) One second snapshot of the EEG signal for different SSVEP frequencies. B) The power of the EEG signal for different SSVEP frequencies.
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fMRI contrast maps showing group level brain activations in the primary visual cortex (p<0.05, corrected).

Other components: In the high frequency band, no components localized to the visual cortex were found. The other
components appeared to reﬂect mainly noise (Figure 4). This is
consistent with the lack of signiﬁcant activity in this frequency
band in the unimodal fMRI analysis and lack of power in the
corresponding frequency in the EEG analysis.
IV. D ISCUSSION
Our results show that the characteristic temporal feature
of SSVEPs – the sustained EEG waveform oscillating with
a frequency corresponding to the frequency of the ﬂickering
visual stimuli – is localized to the primary visual cortex.
Hence, the jICA framework is a feasible approach to fuse
separately recorded, frequency domain SSVEP brain responses
with fMRI.
The unimodal EEG and fMRI analyses separately conﬁrmed
previously published results, including that blocks of ﬂickering
stimuli induce a sustained, oscillating wave at the SSVEP
frequency and it’s harmonics (represented in the EEG) and
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that the same stimuli activate the primary visual cortex (as
shown by fMRI). Going beyond the unimodal analyses, the
joint approach revealed a detailed spatiotemporal proﬁle of
the neural underpinnings of the signal, providing support for
the notion that the temporal characteristics of the EEG at
the speciﬁc SSVEP frequency is speciﬁcally linked to neural
activity in the primary visual cortex.
The results obtained from the fusion analysis compares well
with studies using simultaneous EEG and fMRI acquisition
[21], [31], suggesting that independent recordings of different
modalities may be sufﬁcient to study SSVEPs. Independent
recordings are appealing since simultaneous EEG-fMRI acquisition is substantially more impractical and the resulting
EEG is contaminated by artifacts.
SSVEPs may be recorded in multiple ways, ranging from invasive recordings (e.g. local ﬁeld potentials and electro-cortiograms), scalp recordings (EEG and magnetoencephalography,
MEG), and various optimal imaging techniques (fMRI, nearinfrared spectroscopy, NIRS) and other imaging techniques
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(PET, SPECT). Future studies are required to conﬁrm the
cross-modal correspondence of the steady-state phenomenon,
for example using the proposed jICA framework. Other methods for fusion of EEG and fMRI during SSVEPs are feasible,
including canonical correlation analysis (CCA) as well as CCA
+ ICA.
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