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Abstract: 
 
Blind source separation (BSS) is an emerging statistical and 
data processing technique which aims to recover unobservable 
source signals from the observed mixtures.  Second-order 
blind identification (SOBI) is one BSS algorithm that relies on 
stationary second-order statistics based on joint 
diagonalization of a set of covariance matrices.  In simulations, 
the use of multiple covariance matrices computed with 
different time delays, τs, was beneficial for source separation, 
particularly when the underlying sources had highly 
overlapping spectra.  Given the spectral overlap between 
actual brain sources, we experimented with different sets of 
temporal delays to empirically determine their effects on the 
isolation of electrical signals arising from a temporally and 
spatially well characterized brain location, the primary 
somatosensory cortex (SI).  Using EEG data collected during 
median nerve stimulation, we found that the successful 
isolation of left and right SI activity required the use of a 
range of time delays and that the best separation was observed 
when the largest range of τs from 1 up to 300 ms was used.  
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1. Introduction 

Electroencephalographic (EEG) signals are mixtures of 
electrical activity recorded by an array of electrodes at the 
scalp. These mixtures include electrical signals arising from 
several regions of the brain as well as various artifacts 
related to muscle activity, eye-movement, blinking, line 
noise and others. Thus, inferring from the EEG, the location 
of an electrical source and its corresponding time course of 
activation has been difficult. Blind source separation (BSS) 
algorithms have been increasingly used to recover 
underlying sources of activation from EEG [1-6] and 
magnetoencephalographic (MEG) data [7-13]. 

Second-order blind identification (SOBI) [14-16] is 
one such BSS algorithm, and uses second order statistics 
based on a set of covariance matrices computed with 
varying time delays, τs.  The number and range of time 
delays specified for computing these covariance matrices 
affects the quality of source separation. Previously 
simulated data was used to show that the use of multiple 
time delays improves SOBI source separation [16,17].  This 
was particularly so when there was high spectral overlap 
between sources [16].  Because electrical activity generated 
by neuronal populations within different brain regions have 
highly overlapping spectra, particularly in the 8-12 Hz 
frequency band, the appropriate selection of τ values and 
ranges is critical for the source separation of neuronal 
activity from EEG or MEG data.  

Given the importance of these time delay parameters 
for source separation, it is surprising that of the studies 
applying SOBI to MEG or EEG data [6,9,10,11,12,13] only 
one specified the range of τs used [12].  The present 
literature offers little with regard to what effect the 
values/ranges of selected τs may have on source separation. 
Furthermore, the quality of source separation from actual 
EEG or MEG data has not yet been evaluated when 
different time delays are used. In the present study, we 
evaluated the effect of different τ ranges on the separation 
quality of actual EEG data.  We choose to evaluate this 
effect using the well characterized activation of primary 
somatosensory cortex (SI) by median nerve stimulation.  

The paper is organized as follows: Section 2 describes 
the EEG data used to evaluate the selected temporal delays; 
Section 3 describes the SOBI algorithm; Section 4 presents 
the SOBI-recovered SI sources; Section 5 shows separation 
results for the SI sources as a function of the temporal 
delays chosen; and Section 6 summarizes the key results. 

2. Stimuli and EEG data 

SI activation by median nerve stimulation has been 
well characterized both spatially and temporally and is 
therefore the electrical source generator we have chosen to 



assess source separation quality.  Median nerve stimulation 
is known to activate SI in the hemisphere contralateral to 
stimulation with the earliest response around 20ms after 
stimulation. The spatial origin of such activation is the 
posterior bank of the central sulcus.  

Unilateral (L: left; R: right) and bilateral (B) 
stimulations were delivered intermixed and pseudo-
randomly. This stimulation protocol was used to generate 
temporally overlapping activations in both hemispheres, 
thus providing a challenge for the decomposition of 
separate left and right SI sources. Stimulations were 
constant current square-wave pulses (duration: 0.25ms) 
delivered transcutaneously at the wrist. Stimulation 
intensity was adjusted slightly below motor threshold, i.e. 
not producing movement of the thumb (range: 4.5-8.5 mA; 
mean = 6.5 mA). The strength and location of stimulation 
was adjusted to produce subjectively equal sensations in the 
left and right hands. Subjects were instructed to keep their 
eyes closed for the duration of the experiment and no 
behavioral responses were required. 

We collected EEG data from four right-handed 
subjects (2 males). Continuous EEG (sampling rate: 1000 
Hz; bandpass filter: 0.1-200 Hz; duration: < 20 min)  was 
recorded in an electrically shielded room with a 128-
channel EEG system (SymAmps, Neuroscan, El Paso, TX) 
using tin electrodes mounted in a custom made cap 
(ElectroCap International, Eaton, OH). All channels were 
referenced to the nose and impedances were maintained 
below 10 kΩ.  Electrode and landmark positions (nasion, 
left and right pre-auriculars) were digitized (Fastrack, 
Polhemus Inc., Colchester, VT) and used for subsequent 
source localization.   

3. SOBI algorithm 

  Let x(t) represent n-dimensional vectors which 
correspond to the n continuous time series from the n EEG 
channels.  Then xі(t) corresponds to the continuous sensor 
readings from the ith EEG channel. Because various 
underlying sources are summed via volume conduction to 
give rise to the scalp EEG, each of the xі(t) are assumed to 
be an instantaneous linear mixture of n unknown 
components or sources sі(t), via the unknown mixing matrix 
A. 
 
                                      x(t) = A s(t)                                  (1)  
 
SOBI uses the EEG measurement x(t) and nothing else to 
generate an unmixing matrix W that approximates A-1, and 
the vector of the estimated component values, ŝ(t), 
                                   

                                     ŝ(t) = W x(t),                                 (2)  
  
where ŝ(t) is the continuous time series of the components 
or recovered sources. Sensor space projections, which 
indicate the effect of a given component, in isolation, on all 
sensors are given by the estimated mixing matrix,  
 
                                         Â = W-1.                                    (3) 
   

The SOBI algorithm [14-16] proceeds in two 
stages. First, the sensor signals are zero-meaned and 
presphered as follows: 
 
                            y(t) = B(x(t)- 〉〈 )(tx ).                           (4) 
 
The angle brackets 〈⋅〉  denote an average over time, so the 
subtraction guarantees that y will have a mean of zero.  The 
matrix B is chosen so that the correlation matrix of 
y, 〉〈 Ttt )()( yy , becomes the identity matrix.  This is 
accomplished by moving to the PCA basis using,  
 
                                 B = diag(λi

-1/2)UT,                              (5)  
 
where λi are the eigenvalues of the correlation matrix,  
 
                   〉〉〈〉〈〈 Ttttt ))( - )(( ))( - )(( xxxx ,             (6)  
 
and U is the matrix whose columns are the corresponding 
eigenvectors, that is, the “PCA components” of x.   

For the second stage, one constructs a set of 
matrices that, in the correct separated basis, should be 
diagonal. We chose a set of time delay values, τs to 
compute symmetrized correlation matrices between the 
signal y(t) and a temporally shifted version of itself: 
 
                        Rτ = sym ( 〉+〈 Ttt )()( τyy ).                   (7)                  
Where,  
                              sym(M) = (M + MT)/2,                        (8) 
 
is a function that takes an asymmetric matrix and returns a 
closely related symmetric one. This symmetrization 
discards some information, but the problem is already 
highly overconstrained, and the symmetrized matrices 
provide valid, albeit slightly weaker, constraints on the 
solution. 
 After calculating the Rτ, we look for a rotation V 
that jointly diagonalizes all of them by minimizing, 
 



                                   Στ Σi≠j  (VTRτV) 2
ij ,                         (9) 

 
the sum of the squares of the off-diagonal entries of the 
matrix products VTRτV, via an iterative process ([15]; using 
MATLAB code available on-line at 
http://sig.enst.fr/~cardoso/). The final estimate of the 
separation matrix is: 
 
                                         W = VTB,                                (10) 
 
which is used to derive the separated components as in Eq. 
2.     

Using Eq. 2 for the consequent estimated sources, 
and Eq. 3 for the corresponding estimated mixing matrix,  
the sensor signals resulting from just one of the components 
can be computed as, 

 
          x̂ (t) = ÂDWx(t) = ÂDŝ(t),                     (11) 
  

where D is a matrix of zeros except for ones on the diagonal 
entries corresponding to each component that is to be 
retained. 
 To localize a single component, one computes: 
 
                                   x̂ (i)(t)=ŝi(t)â(i)                               (12)  
                                                                         
where â (i) is the ith column of Â and x̂ (i)(t) is the sensor 
image of source i.  Because x̂ (i)(t) is at each point in time 
equal to the unchanging vector â (i), scaled by the time 
course of interest ŝi(t), dipole fitting algorithms will localize 
x̂ (i)(t) to the same location no matter what window in time 
is chosen. 

4. SOBI-recovered SI 

Similar to previous applications of SOBI to MEG data 
[12,13], SOBI was applied to the unprocessed EEG (sensor) 
data without the standard steps of epoching, artifact 
rejection, baseline correction, filtering, removal of bad 
channels or signal averaging.  The 128-channel sensor data 
was decomposed into 128 SOBI-recovered sources or 
components, each of which had a time course of activation 
and an associated sensor space projection.  

To identify the SOBI components corresponding to left 
and right SI activity, both spatial and temporal criteria were 
used. Temporally, event-triggered averages or 
somatosensory evoked potentials (SEPs) must have shown 
characteristic SI responses to contralateral median nerve 
stimulation and spatially, the scalp current source density 
(CSD) maps and the equivalent current dipole locations, 

obtained using BESA 5.0 (Brain Electrical   Source   
Analysis;   MEGIS  Software,  Munich, Germany), must 
have  been  in  the   vicinity  of  the  hand  region  of  SI  for     

 
 

  
Figure 1. SOBI-recovered left SI (A) and right SI (B) from 
one subject. Top: scalp CSD maps. Middle: dipole 
locations. Bottom: contralateral SEPs. 
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components to be considered  SI sources. Figure 1 shows an 
example of a SOBI-recovered left and right SI source.   

5. Effects of temporal delays 

Multiple temporal delays, τs, can be specified for SOBI 
source separation.  Previously, we have successfully used a 
set of τs that ranged between delays from 1 up to 300ms 
(referred to as “standard set” from here after) for the source 
separation of EEG data collected during median nerve 
stimulation [18]. The spatial and temporal properties of 
such SI sources recovered using the “standard set” of 
temporal delays have been validated by comparing them 
with estimates obtained from converging imaging methods 
(i.e., fMRI, MEG, and high density EEG) [19]. The effect 
of different sets of τs on the quality of source separation, 
using the following ranges (in ms), was assessed:  
 
● “Standard set”, [1..300]:  
       τ ∈ {1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 12, 14, 16, 18, 20, 
                 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85, 90, 95,  
                 100, 120, 140, 160, 180, 200, 220, 240, 260, 280, 300}   
 
●Set 1, [1..2]:      
        τ ∈ {1,2} 
 
●Set 2,[1..20]:      
       τ ∈ {1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 12, 14, 16, 18, 20} 
 
● Set 3, [1..100]:   
       τ ∈ {1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 12, 14, 16, 18, 20, 25, 30 
                  35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85, 90, 95, 100} 
 
●Set 4, [25..300]:  
       τ ∈ {25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85, 90, 95,  
                100, 120, 140, 160, 180, 200, 220, 240, 260, 280, 300}. 
 

Separation results obtained using sets 1-4, which were 
subsets of the “standard set”, were compared with those 
using the “standard set” to evaluate the relative importance 
of different τ ranges on separation quality. The SOBI-
recovered left and right SI components (example shown in 
Fig. 1) were determined using the “standard set”.  Set 1 was 
selected to evaluate whether left and right SIs could be 
isolated when temporal delays were virtually discarded.  
Results from sets 2-4 were compared to that from the 
“standard set” to evaluate the contribution of different 
ranges of delays.   

SOBI’s success in “cleanly” isolating left and right SI 
activity from other sources (i.e., separation quality) was 
evaluated according to three criteria.  First, the variance in 
the sensor space projections of the recovered sources 

accounted for by only SI related dipoles should be as high 
as possible (i.e., the goodness of fit, g should be near 
100%), indicating successful separation. Second, the 
number of dipoles needed, in additional to those 
corresponding to SI dipoles, to obtain a minimum of 95% 
goodness of fit for the entire model, should be zero after 
successful separation. Third, the distance of the SI dipole 
locations to the SI locations determined using the “standard 
set” should be small.   

When using the “standard set” of τs, SOBI-recovered 
left and right SIs were relatively “cleanly” separated from 
other sources as indicated by the lack of activation present 
at regions of the scalp other than over SI in the CSD maps 
(Fig 1AB: top). Across the four subjects (Table 1), the 
recovered SIs from the “standard set” displayed high 
goodness of fit values (SOBI-recovered left SI: 97.6 ±0.9%, 
right SI: 97.3 ± 0.4%) and no additional dipoles (0) were 
needed to adequately model the components. This indicated 
that when the “standard set” of τs was used, SOBI 
adequately separated SI activations from other sources.   

When the [1..2] set of τs (Table 1) was used, that is, 
when temporal delays were  nearly   completely   discarded,   

 
 

Table1. τ ranges and source separation quality 

 

1 0.0 95.1 0 0.0 98.1 0

2 0.0 98.4 0 0.0 97.1 0

3 0.0 97.6 0 0.0 97.7 0

4 0.0 99.2 0 0.0 96.3 0

Mean 0.0 97.6 0.0 0.0 97.3 0.0

SEM 0.0 0.9 0.0 0.0 0.4 0.0

1 7.5 58.9 6 10.0 71.9 5

2 12.6 81.3 4 5.2 83.2 2

3 13.6 69.1 4 4.8 61.7 6

4 16.4 76.3 7 29.7 48.8 6

Mean 12.5 71.4 5.3 12.4 66.4 4.8

SEM 1.9 4.9 0.8 5.9 7.3 0.5

1 3.5 96.3 0 2.0 96.3 0

2 7.1 62.3 1 2.8 74.2 2

3 4.1 98.8 0 3.5 95.3 0

4 8.6 95.7 0 1.4 94.1 1

Mean 5.8 88.2 0.3 2.4 90.0 0.8

SEM 1.2 8.7 0.3 0.5 5.3 0.5

1 2.0 96.0 0 1.0 98.3 0

2 4.1 99.1 0 5.5 71.6 2

3 1.0 98.8 0 2.8 96.4 0

4 2.8 98.8 0 3.7 93.7 1

Mean 2.5 98.2 0.0 3.3 90.0 0.8

SEM 0.7 0.7 0.0 0.9 6.2 0.5

1 3.6 94.6 1 3.6 98.4 0

2 1.4 97.9 0 1.4 97.0 0

3 3.0 86.2 1 8.4 98.4 0

4 5.1 97.6 0 1.4 97.4 0

Mean 3.3 94.1 0.5 3.7 97.8 0.0

SEM 0.8 2.7 0.3 1.6 0.4 0.0

"Standard" 
[1..300]    

[25..300]

[1..2]

[1..20]

[1..100]

Right
Distance to 
"Standard" g #additional 

dipolesTau Range Subject Distance to 
"Standard" g #additional 

dipoles

SOBI Recovered SI
Left



dipole locations for the recovered SIs substantially differed 
from those estimated using the “standard set” (distance to 
standard: left 12.5 ± 1.9mm; right 12.4 ± 5.9mm). More 
importantly, the number of additional dipoles needed to 
adequately model the data (left: 5.3 ± 0.8; right: 4.8 ± 0.5) 
was the greatest among the five sets assessed and the 
amount of variance explained by the SI dipoles was the 
lowest (left: 71.4 ± 4.9%; right: 66.4 ± 7.3%) indicating that 
the SI sources were still mixed with other sources. 

When the set of τs was increased up to 20 ms (i.e., 
set [1..20]; Table 1), the distance from the estimated  dipole 
locations to those from the “standard set” decreased in 
comparison  to  when  the  [1..2] set  was  used  (left:  5.8  ± 
1.2 mm;  right:  2.4  ±  0.5  mm).  The  amount  of  variance 

  
 

 
Figure 2. Recovered SI components using different τ sets.  
Dorsal (left) and posterior (right) views of the CSD maps 
are shown from one subject. Sub-optimal separation is 
indicated by the presence of additional “spots” of activation 
at posterior scalp locations.  

accounted for by the dipoles corresponding to SI increased, 
reaching 88.2 ± 8.7% and 90.0 ± 5.3% for the recovered left 
and right SIs respectively. The number of noise dipoles 
required to model the observed component data was 
reduced to a maximum of 2 in comparison to a maximum of 
7 in the case of τs in the range of  [1..2].   

Inclusion of greater temporal delays up to 100 ms 
(i.e., set [1..100]; Table 1) further decreased the distance 
from the estimated dipole locations to those from the 
“standard set” (left: 2.5 ± 0.7; right: 3.3 ± 0.9) and 
increased the amount of variance accounted for by dipoles 
that corresponded to SI (left: 98.2 ± 0.7%; right: 90.0 ± 
6.2%). However, there were still two cases where additional 
dipoles were needed to account for at least 95% of the 
variance in the sensor space projections. 
   When only τs greater than 20 ms were used (i.e. 
set [25..300], excluding short delays; Table 1), the distance 
from the estimated dipole locations to those from the 
“standard set” were 3.3 ± 0.8 mm and 3.7 ± 1.6 mm for left 
and right SI respectively, similar to distances observed 
when using set [1..100].  The goodness of fit for the SI 
related dipoles was 94.1 ± 2.7% and 97.8 ± 0.4% for the 
recovered left and right SI sources respectively. There were 
two cases where additional dipoles were needed to 
adequately model the sensor space projections. 

Figure 2 shows graphically the effect of different τ 
ranges on the isolation of the SOBI-recovered left and right 
SIs. The CSD maps from the recovered sources clearly 
showed sensor activation over SI for each τ range selected.  
However, only when a full range of τs ([1..300]) was used 
(top row), were the SI activations “cleanly” separated from 
other sources. In all other cases, additional sources of 
activations were observed (most visible in the posterior 
views).   

6. Conclusions 

Although it is known that the number and range of 
time delays specified will affect the quality of SOBI source 
separation, how exactly the delays chosen affect the 
separation results of actual EEG data has not previously 
been investigated.  In this paper, successful separation of SI 
activation by median nerve stimulation was used to evaluate 
SOBI separation quality. We found: (a) the best separation 
results were achieved when a full range of temporal delays, 
within the support of the autocorrelation function, was 
used; (b) when using a minimum number of temporal 
delays (i.e., [1..2]) SOBI failed to separate SI from other 
sources; (c) separation quality improved when larger ranges 
of time delays were used that included delays within 20 ms 
(i.e., sets [1..20] and [1..100]); (d) when temporal delays 

[1..300] 

[1,2] 

[1..20] 

[1..100] 

[25..300] 

Left Right τ Range  



less than 20 ms (i.e., set [25..300]) were excluded, the 
performance of SOBI source separation did not improve 
even though a relatively large range of time delays was 
used. To further understand the effects of temporal delays 
on SOBI separation of brain signals, it is important to 
conduct EEG domain specific simulations to systematically 
investigate how temporal delays can be selected to allow 
for the optimal separation of brain sources of interest. 
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