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Abstract

Real-world data sets such as recordings from functional magnetic resonance imaging
often possess both spatial and temporal structure. Here, we propose an algorithm
including such spatiotemporal information into the analysis, and reduce the prob-
lem to the joint approximate diagonalization of a set of autocorrelation matrices.
We demonstrate the feasibility of the algorithm by applying it to functional MRI
analysis, where previous approaches are outperformed considerably.
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1 Introduction

Blind source separation (BSS) describes the task of recovering an unknown
mixing process and underlying sources of an observed data set. It has nu-
merous applications in fields ranging from signal and image processing to the
separation of speech and radar signals to financial data analysis. Many BSS al-
gorithms assume either independence (independent component analysis, ICA)
or diagonal autocorrelations of the sources [1,2]. Here we extend BSS algo-
rithms based on time-decorrelation [3–8]. They rely on the fact that the data
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sets have non-trivial autocorrelations so that the unknown mixing matrix can
be recovered by generalized eigenvalue decomposition.

Spatiotemporal BSS in contrast to the more common spatial or temporal BSS
tries to achieve both spatial and temporal separation by optimizing a joint
energy function. First proposed by Stone et al. [9], it is a promising method,
which has potential applications in areas where data contains an inherent spa-
tiotemporal structure, such as data from biomedicine or geophysics including
oceanography and climate dynamics. Stone’s algorithm is based on the Info-
max ICA algorithm [10], which due to its online nature involves some rather in-
tricate choices of parameters, specifically in the spatiotemporal version, where
online updates are being performed both in space and time. Commonly, the
spatiotemporal data sets are recorded in advance, so we can easily replace
spatiotemporal online learning by batch optimization. This has the advan-
tage of greatly reducing the number of parameters in the system, and leads
to more stable optimization algorithms. We focus on so-called algebraic BSS
algorithms [3,5,6,11], reviewed for example in [12], which employ generalized
eigenvalue decomposition and joint diagonalization for the factorization. The
corresponding learning rules are essentially parameter-free and are known to
be robust and efficient [13].

In this contribution, we extend Stone’s approach by generalizing the time-
decorrelation algorithms to the spatiotemporal case, thereby allowing us to
use the inherent spatiotemporal structures of the data. In the experiments
presented, we observe good performance of the proposed algorithm when ap-
plied to noisy, high-dimensional data sets acquired from functional magnetic
resonance imaging (fMRI). We concentrate on fMRI as it is well fit for spa-
tiotemporal decomposition due to the fact that spatial activation networks are
mixed with functional and structural temporal components.

2 Blind source separation

We consider the following temporal BSS problem: Let x(t) be a second-order
stationary, zero-mean, m-dimensional stochastic process and A a full rank
matrix such that x(t) = As(t) + n(t). The n-dimensional source signals s(t)
are assumed to have diagonal autocorrelations Rτ (s) := 〈s(t + τ)s(t)⊤〉 for
all τ , and the additive noise n(t) is modeled by a stationary, temporally and
spatially white zero-mean process with variance σ2. x(t) is observed, and the
goal is to recover A and s(t). Having found A, s(t) can be estimated by
A†x(t), which is optimal in the maximum-likelihood sense, where A† denotes
the pseudo-inverse of A and m ≥ n. So the BSS task reduces to the estimation
of the mixing matrix A.
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3 Separation based on time-delayed decorrelation

For τ 6= 0, the mixture autocorrelations factorize 1 ,

Rτ (x) = ARτ (s)A
⊤. (1)

This gives an indication of how to recover A from x(t). The correlation of
the signal part x̃(t) := As(t) of the mixtures x(t) may be calculated as
R0(x̃) = R0(x) − σ2I, provided that the noise variance σ2 is known. After
whitening of x̃(t) i.e. joint diagonalization of R0(x̃), we can assume that
x̃(t) has unit correlation and that m = n, so A is orthogonal 2 . If more
signals than sources are observed, dimension reduction can be performed in
this step thus reducing noise [14]. The symmetrized autocorrelation of x(t),

R̄τ (x) := (1/2)
(

Rτ (x) + (Rτ(x))⊤
)

, factorizes as well, R̄τ (x) = AR̄τ (s)A
⊤,

and by assumption R̄τ (s) is diagonal. Hence this factorization represents an
eigenvalue decomposition of the symmetric matrix R̄τ(x). If we furthermore
assume that R̄τ (x) or equivalently R̄τ (s) has n distinct eigenvalues, then A is
already uniquely determined by R̄τ (x) except for column permutation. In ad-
dition to this separability result, a BSS algorithm namely time-delayed decor-
relation [3,4] is obtained by the diagonalization of R̄τ(x) after whitening —
the diagonalizer yields the desired separating matrix.

However, this decorrelation approach decisively depends on the choice of τ
— if an eigenvalue of R̄τ (x) is degenerate, the algorithm fails. Moreover, we
face misestimates of R̄τ (x) due to finite sample effects, so using additional
statistics is desirable. Therefore, Belouchrani et al [5], see also [6], proposed a
more robust BSS algorithm, called second-order blind identification (SOBI),
jointly diagonalizing a whole set of autocorrelation matrices R̄k(x) with vary-
ing time lags, for simplicity indexed by k = 1, . . . , K. They showed that in-
creasing K improves SOBI performance in noisy settings [2]. Algorithm speed
decreases linearly with K, so in practice K ranges from 10 to 100. Various
numerical techniques for joint diagonalization exist, essentially minimizing
∑K

k=1
off(A⊤R̄k(x)A) with respect to A, where off denotes the square sum

of the off-diagonal terms. A global minimum of this function is called (ap-
proximate) joint diagonalizer 3 , and it can be determined algorithmically for
example by iterative Givens rotations [13].

1
s(t) and n(t) can be decorrelated, so Rτ (x) = 〈As(t + τ)s(t)⊤A

⊤〉 + 〈n(t +
τ)n(t)⊤〉 = ARτ (s)A

⊤, where the last equality follows because τ 6= 0 and n(t) is
white.
2 By assumption, R0(s) = I hence I =

〈

As(t)s(t)⊤A
⊤
〉

= AR0(s)A
⊤ = AA

⊤, so
A is orthogonal.
3 The case of perfect diagonalization i.e. the case of a zero-valued minimum occurs
if and only if all matrices that are to be diagonalized commute, which is equivalent
to the matrices sharing the same system of eigenvectors.
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4 Spatiotemporal structures

Real-world data sets often possess structure in addition to the simple factor-
ization models treated above. For example fMRI measurements contain both
temporal and spatial indices so a data entry x = x(r1, r2, r3, t) can depend on
position r := (r1, r2, r3) as well as time t. More generally, we want to consider
data sets x(r, t) depending on two indices r and t, where r ∈ R

n can be any
multidimensional (spatial) index and t indexes the time axis. In practice this
generalized random process is realized by a finite number of samples. For ex-
ample in the case of fMRI scans we could assume t ∈ [1 : T ] := {1, 2, . . . , T}
and r ∈ [1 : h] × [1 : w] × [1 : d], where T is the number of scans of size
h × w × d. So the number of spatial observations is sm := hwd and the num-
ber of temporal observations tm := T .

4.1 Temporal and spatial separation

For such multi-structured data, two methods of source separation exist. In
temporal BSS, we interpret the data to contain a measured time series xr(t) :=
x(r, t) for each spatial location r. Then our goal is to apply BSS to the tempo-
ral observation vector tx(t) := (xr111

(t), . . . , xrhwd
(t))⊤ containing sm entries

i.e. consisting of sm spatial observations. In other words we want to find a
decomposition tx(t) = tAts(t) with temporal mixing matrix tA and temporal
sources ts(t), possibly of lower dimension. This contrasts to so-called spa-
tial BSS, where the data is considered to be composed of T spatial patterns
xt(r) := x(r, t). Spatial BSS tries to decompose the spatial observation vector
sx(r) := (xt1(r), . . . , xtT (r))⊤ ∈ R

tm into sx(r) = sAss(r) with a spatial mixing
matrix sA and spatial sources ss(r), possibly of lower dimension. In this case,
using multidimensional autocorrelations considerably enhances the separation
[7,8]. In order to be able to use matrix-notation, we contract the spatial mul-
tidimensional index r into a one-dimensional index r by row concatenation;
the full multidimensional structure will only be needed later in the calculation
of the multidimensional autocorrelation. Then the data set x(r, t) =: xrt can
be represented by a data matrix X of dimension sm × tm, and our goal is to
determine a source matrix S, either spatially or temporally.

4.2 Spatiotemporal matrix factorization

Temporal BSS implies the matrix factorization X = tAtS, whereas spatial
BSS implies the factorization X⊤ = sAsS or equivalently X = sS⊤sA⊤. Hence

X = tAtS = sS⊤sA⊤. (2)
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So both source separation models can be interpreted as matrix factorization
problems; in the temporal case restrictions such as diagonal autocorrelations
are determined by the second factor, in the spatial case by the first one.

In order to achieve a spatiotemporal model, we require these conditions from
both factors at the same time. In other words, instead of recovering a single
source data set which fulfills the source conditions spatiotemporally we try
to find two source matrices, a spatial and a temporal source matrix, and the
conditions are put onto the matrices separately. So the spatiotemporal BSS
model can be derived from equation (2) as the factorization problem

X = sS⊤tS (3)

with spatial source matrix sS and temporal source matrix tS, which both
have (multidimensional) autocorrelations being as diagonal as possible. Di-
agonality of the autocorrelations is invariant under scaling and permutation,
so the above model contains these indeterminacies — indeed the spatial and
temporal sources can interchange scaling (L) and permutation (P) matrices,
sS⊤tS = (L−1P−1sS)⊤(LPtS), and the model assumptions still hold. The spa-
tiotemporal BSS problem as defined in equation (3) has been implicitly pro-
posed in [9], equation (5), in combination with a dimension reduction scheme.
Here, we first operate on the general model and derive the cost function based
on autodecorrelation, and only later combine this with a dimension reduction
method.

5 Algorithmic spatiotemporal BSS

Stone et al. [9] first proposed the model from equation (3), where a joint en-
ergy function is employed based on mutual entropy and Infomax. Apart from
the many parameters used in the algorithm, the involved gradient descent
optimization is susceptible to noise, local minima and inappropriate initializa-
tions, so we propose a novel, more robust algebraic approach in the following.
It is based on the joint diagonalization of source conditions posed not only
temporally but also spatially at the same time.

5.1 Spatiotemporal BSS using joint diagonalization

Shifting to matrix notation, we interpret R̄k(X) := R̄k(
tx(t)) as a sym-

metrized temporal autocorrelation matrix, whereas R̄k(X
⊤) := R̄k(

sx(r)) de-
notes the corresponding spatial possibly multidimensional symmetrized auto-
correlation matrix. Here k indexes the one- or multidimensional lags τ . Ap-
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plication of the spatiotemporal mixing model from equation (3) together with
the transformation properties of the Rk’s yields

Rk(X) =Rk(
sS⊤tS) = sS⊤Rk(

tS)sS

Rk(X
⊤) =Rk(

tS⊤sS) = tS⊤Rk(
sS)tS, (4)

so

R̄k(
tS)= sS†⊤ R̄k(X) sS†

R̄k(
sS)= tS†⊤ R̄k(X

⊤) tS† (5)

because ∗m ≥ n and hence ∗S∗S† = I, where ∗ denotes either s or t. By
assumption the matrices R̄k(

∗S) are as diagonal as possible. Hence we can find
one of two the source sets by jointly diagonalizing either R̄k(X) or R̄k(X

⊤)
for all k. The other source matrix can then be calculated by equation (3).
However we would only be using either temporal or spatial properties, so this
corresponds to only temporal or spatial BSS.

In order to include the full spatiotemporal information, we have to find diag-
onalizers for both R̄k(X) and R̄k(X

⊤) such that they satisfy the spatiotem-
poral model (3). For now, let us assume the (unrealistic) case of sm = tm = n
— we will deal with the general problem using dimension reduction later.
Then all matrices can be assumed to be invertible, and by model (3) we get
sS⊤ = XtS−1. Applying this to equations (5) together with an inversion of
the second equation yields

R̄k(
tS) = tS X†R̄k(X)X†⊤ tS⊤

R̄k(
sS)−1 = tS R̄k(X

⊤)−1 tS⊤. (6)

So we can separate the data spatiotemporally by jointly diagonalizing the set
of matrices {X†R̄k(X)X†⊤, R̄k(X

⊤)−1 | k = 1, . . . , K}.

Hence the goal of achieving spatiotemporal BSS ‘as much as possible’ means
minimizing the joint error term of the above joint diagonalization criterion.
Moreover, either spatial or temporal separation can be favored by introducing
a weighting factor α ∈ [0, 1]. The set for approximate joint diagonalization is
then defined by

{αX†R̄k(X)X†⊤, (1 − α)R̄k(X
⊤)−1 | k = 1, . . . , K}. (7)

If A is a diagonalizer of (7), then the sources can be estimated by tŜ = A−1

and sŜ = A⊤X⊤. Joint diagonalization is usually performed by optimizing
the off-diagonal criterion from above, so different scale factors in the matrices
indeed yield different optima if the diagonalization cannot be achieved fully.
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According to equations (6), the higher α the more temporal separation is
stressed. In the limit case α = 1 only the temporal criterion is optimized, so
temporal BSS is performed, whereas for α = 0 a spatial BSS is calculated,
although we want to remark that in contrast to the temporal case, the cost
function for α = 0 does not equal the spatial SOBI cost function due to the
additional inversion. In practice, in order to be able to weight the matrix
sets using α appropriately, a normalization by multiplication by a constant
separately within the two sets seems to be appropriate to guarantee equal
scales of the two matrix sets.

5.2 Dimension reduction

In principle, we may now use diagonalization of the matrix set from (7) to
perform spatiotemporal BSS — but only in the case of equal dimensions. Fur-
thermore, apart from computational issues involving the high dimensionality,
the BSS estimate would be poor, simply because in the estimation either of
R̄k(X) or R̄k(X

⊤) equal or less samples than signals are available. Hence
dimension reduction is essential.

Our goal is to extract only n ≪ min{sm, tm} sources. A common approach
to do so is to approximate X by the reduced singular value decomposition
X ≈ UDV⊤ of X, where only the n largest values of the diagonal matrix D

and the corresponding columns of the pseudo-orthogonal matrices U and V are
used. Plugging this approximation of X into (5) shows after some calculation 4

that the set of matrices from equation (7) can be rewritten as

{αR̄k(D
1/2V⊤), (1 − α)R̄k(D

1/2U⊤)−1 | k = 1, . . . , K}. (8)

If A is a joint diagonalizer of this set, we may estimate the sources by tŜ =
A⊤D1/2V⊤ and sŜ = A−1D1/2U⊤. We call the resulting algorithm spatiotem-
poral second-order blind identification or stSOBI, generalizing the temporal
SOBI algorithm.

4 Using the approximation X ≈ (UD
1/2)(VD

1/2)⊤ together with the spatiotempo-
ral BSS model (3) yields (UD

−1/2)⊤s
S
⊤t

S(VD
−1/2) = I. Hence W := t

SVD
−1/2 is

an invertible n×n matrix. The first equation of (6) still holds in the more general case
and we get R̄k(

t
S) = t

SX̂
†
R̄k(X̂)X̂†⊤t

S
⊤ = WR̄k(D

1/2
V

⊤)W⊤. The second equa-
tion of (6) cannot hold for n < ∗m, but we can derive a similar result from (5), where
we use W

−1 = D
−1/2

V
⊤t

S
†: R̄k(

s
S) = t

S
†⊤

R̄k(X
⊤)tS† = W

−⊤
R̄k(D1/2

U
⊤)W−1

which we can now invert to get R̄k(
s
S)−1 = WR̄k(D

1/2
U

⊤)−1
W

⊤.
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(a) component maps s
S

1 cc: 0.05 2 cc: 0.17

3 cc: 0.14 4 cc: 0.89

(b) time courses t
S

Fig. 1. fMRI analysis using stSOBI with temporal and two-dimensional spatial au-
tocorrelations. The data was reduced to the 4 largest components. (a) shows the
recovered component maps (brain background is given using a structural scan, over-
layed white points indicate activation values stronger than 3 standard deviations),
and (b) their time courses. Component 3 partially contains the frontal eye fields.
Component 4 is the desired stimulus component, which is mainly active in the vi-
sual cortex; its time-course closely follows the on-off stimulus (indicated by the gray
boxes) — their crosscorrelation lies at cc = 0.89 — with a delay of roughly 6 seconds
induced by the BOLD effect.

5.3 Implementation

In the experiments we use stSOBI with both one-dimensional and multidimen-
sional autocovariances. Our software package 5 implements all the details of
mdSOBI and its extension stSOBI in Matlab. In addition to Cardoso’s joint
diagonalization algorithm based on iterative Given’s rotations, the package
contains all the files needed to reproduce the results described in this paper,
with the exception of the fMRI data set.

6 Results

BSS, mainly based on ICA, is nowadays a quite common tool in fMRI analysis
[15,16]. For this work, we analyzed the performance of stSOBI when applied to
fMRI measurements. fMRI data were recorded from from 10 healthy subjects
performing a visual task. 100 scans (TR/TE = 3000/60 ms) with 5 slices
each were acquired with 5 periods of rest and 5 photic stimulation periods.

5 available online at http://fabian.theis.name/
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Stimulation and rest periods comprised 10 repetitions each i.e. 30s. Resolution
was 3 × 3 × 4 mm. The slices were oriented parallel to the calcarine fissure.
Photic stimulation was performed using an 8 Hz alternating checkerboard
stimulus with a central fixation point and a dark background with a central
fixation point during the control periods. The first scans were discarded for
remaining saturation effects. Motion artifacts were compensated by automatic
image alignment [17]. For visualization, we only considered a single slice (non-
brain areas were masked out), and chose to reduce the data set to n = 4
components by singular value decomposition.

6.1 Single subject analysis

In the joint diagonalization, K = 10 autocorrelation matrices were used, both
for spatial and temporal decorrelation. Figure 1 shows the performance of the
algorithm for equal spatiotemporal weighting α = 0.5. Although the data was
reduced to only 4 components, stSOBI was able to extract the stimulus com-
ponent (#4) very well; the crosscorrelation of the identified task component
with the time-delayed stimulus is high (cc = 0.89). Some additional brain
components are detected, although higher n would allow for more elaborate
decompositions.

In order to compare spatial and temporal models, we applied stSOBI with
varying spatiotemporal weighting factors α ∈ {0, 0.1, . . . , 1}. The task com-
ponent was always extracted, although with different quality. In figure 2, we
plotted the maximal crosscorrelation of the time courses with the stimulus
versus α. If only spatial separation is performed, the identified stimulus com-
ponent is considerably worse (cc = 0.8) than in the case of temporal recovery
(cc = 0.9); the component maps coincide rather well. The enhanced extrac-
tion confirms the advantages of spatiotemporal separation in contrast to the
commonly used spatial-only separation. Temporal separation alone, although
preferable in the presented example, often faces the problem of high dimen-
sions and low sample number, so an adjustable weighting α as proposed here
allows for the highest flexibility.

6.2 Algorithm comparison

We then compared our analysis with some established algorithms for fMRI
analysis. In order to numerically perform the comparisons, we determined the
single component that is maximally autocorrelated with the known stimulus
task. These components are shown in figure 3.

After some difficulties due to the many possible parameters, Stone’s stICA
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Fig. 2. Performance of stSOBI for varying α. Low α favors spatial separation, high
α temporal separation. Two recovered component maps are plotted for the extremal
cases of spatial (α = 0) and temporal (α = 1) separation.

algorithm [9] was applied to the data. However, the task component could not
be recovered very well — it showed some activity in the visual cortex, but with
rather low temporal crosscorrelation of 0.53 with the stimulus component,
which is much lower than the 0.9 of the multi-dimensional stSOBI and the
0.86 of stSOBI with one-dimensional autocovariances. We believe that this is
due to convergence problems of the employed Infomax rule, and to non-trivial
tuning of the many parameters involved in the algorithm. In order to test
for convergence issues, we combined stSOBI and stICA by applying Stone’s
local stICA algorithm to the stSOBI separation results. Due to this careful
initialization, the stICA result improved (crosscorrelation of 0.58) but was still
considerably lower than the stSOBI result.

Similar results were achieved by the well-known FastICA algorithm [18], which
we applied in order to identify spatially independent components. The algo-
rithm could not recover the stimulus component (maximal crosscorrelation of
0.51, and no activity in the visual cortex). This poor result is due to the dimen-
sion reduction to only 4 components, and coincides with the decreased perfor-
mance of stSOBI in the spatial case α = 0. In this respect, the spatiotemporal
model is obviously much more flexible, as spatiotemporal dimension reduction
is able to capture the structure better than only spatial reduction.

Finally, we tested the robustness of the spatiotemporal framework by mod-
ifying the cost function. It is well-known that sources with varying source
properties can be separated by modifying the source condition matrices. In-
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stimulus

stNSS

stSOBI (1D)

stICA after stSOBI

stICA

fastICA

20 40 60 80

Fig. 3. Comparison of the recovered component that is maximally autocrosscor-
related with the stimulus task (top) for various BSS algorithms, after dimension
reduction to 4 components. The absolute corresponding autocorrelations are 0.84
(stNSS), 0.91 (stSOBI with one-dimensional autocorrelations), 0.58 (stICA applied
to separation provided by stSOBI), 0.53 (stICA) and 0.51 (fastICA).

stead of calculating autocovariance matrices, other statistics of the spatial
and temporal sources can be used, as long as they satisfy the factorization
from equation (1). This results in ‘algebraic BSS’ algorithms such as AMUSE
[3], JADE [11], SOBI and TDSEP [5,6], reviewed for instance in [12]. Instead
of performing autodecorrelation, we used the idea of the NSS-SD-algorithm
(‘non-stationary sources with simultaneous diagonalization’) [19], cf. [20]: the
sources were assumed to be spatiotemporal realizations of non-stationary ran-
dom processes ∗si(t) with ∗ ∈ {t, s} determining the temporal spatial or spatial
direction. If we assume that the resulting covariance matrices C(∗s(t)) vary
sufficiently with time, the factorization of equation (1) also holds for these
covariance matrices. Hence, joint diagonalization of

{C(tx(1)),C(sx(1)),C(tx(2)),C(sx(2)), . . .}

allows for the calculation of the mixing matrix. The covariance matrices are
commonly estimated in separate non-overlapping temporal or spatial windows.
Replacing the autocovariances in (8) by the windowed covariances, this results
in the spatiotemporal NSS-SD or stNSS algorithm.

In the fMRI example, we applied stNSS using one-dimensional covariance ma-
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Fig. 4. Multiple subject comparison. (a) shows the algorithm performance in terms
of separation quality (autocorrelation with stimulus) and computation time when
compared over 100 runs and 10 subjects. (b) and (c) compare these indices after
subsampling the data spatially with varying percentages.

trices and 12 windows (both temporally and spatially). Although the data
exhibited only weak non-stationarities (the mean masked voxels values vary
from 983 to 1000 over the 98 time steps, with a standard deviation varying
from 228 to 234), the task component could be extracted rather well with
a crosscorrelation of 0.80, see figure 3. Similarly, by replacing the autocorre-
lations with other source conditions [12], we can easily construct alternative
separation algorithms.

6.3 Multiple subject analysis

We finish by analyzing the performance of the stSOBI algorithm for multiple
subjects. As before, we applied stSOBI with dimension reduction to only n = 4
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sources. Here, K = 12 for simplicity one-dimensional autocovariance matrices
were used, both spatially and temporally. We masked the data using a fixed
common threshold. In order to quantify algorithm performance, as before we
determined the spatiotemporal source that had a time course with maximal
autocorrelation with the stimulus protocol, and compared this autocorrelation.

In figure 4(a), we show a boxplot of the autocorrelations together with the
needed computational effort. The median autocorrelation was very high with
0.89. The separation was fast with a mean computation time of 0.25s on
a 1.7GHz Intel Dual Core laptop running Matlab. In order to confirm this
robustness of the algorithm, we analyzed the sample-size dependence of the
method by running stSOBI on subsampled data sets. The bootstrapping was
performed spatially with repetition, but reordering of the samples in order
to maintain spatial dependencies. Figure 4(b-c) shows the algorithm perfor-
mance when varying the subsampling percentage from 1 to 200 percent, where
the statistics were done over 100 runs and over the 10 subjects. Even when
using only 1 percent of the samples, we achieved a median autocorrelation
of 0.66, which increased at a subsampling percentage of 10% to an already
acceptable value of 0.85. This confirms the robustness and efficiency of the
proposed method, which of course comes from the underlying robust opti-
mization method of joint diagonalization.

7 Conclusion

We have proposed a novel spatiotemporal BSS algorithm named stSOBI. It
is based on the joint diagonalization of both spatial and temporal autocorre-
lations. Sharing the properties of all algebraic algorithms, stSOBI is easy to
use, robust (with only a single parameter) and fast (in contrast to the on-
line algorithm proposed by Stone). The employed dimension reduction allows
for the spatiotemporal decomposition of high-dimensional data sets such as
fMRI recordings. The presented results for such data sets show that stSOBI
clearly outperforms spatial-only recovery and Stone’s spatiotemporal algo-
rithm. Moreover, the proposed algorithm is not limited to second-order statis-
tics, but can easily be extended to spatiotemporal ICA for example by jointly
diagonalizing both spatial and temporal cumulant matrices.
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