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Abstract— The needs for online Independent Component
Analysis (ICA) algorithms arise in a range of fields such as
continuous clinical assessment and brain-computer interface
(BCI). Among the online ICA methods, online recursive ICA
algorithm (ORICA) has attractive properties of fast con-
vergence and low computational complexity. However, there
hasn’t been a systematic comparison between an online ICA
method such as ORICA and other offline (batch-mode) ICA
algorithms on real EEG data. This study compared ORICA
with ten ICA algorithms in terms of their decomposition quality,
validity of source characteristics, and computational complexity
on the thirteen experimental 71-ch EEG datasets. Empirical
results showed that ORICA achieved higher mutual information
reduction (MIR) and extracted more near-dipolar sources than
algorithms such as FastICA, JADE, and SOBI did while the
performance of ORICA approached that of the best-performed
Infomax-based algorithms. Furthermore, ORICA outperforms
most of ICA methods in terms of the computational complexity.
The properties of fast convergence and low computational
complexity of ORICA enable the realization of real-time online
ICA process, which has further applications such as real-time
functional neuroimaging, artifact reduction, and adaptive BCI.

I. INTRODUCTION

Independent Component Analysis (ICA) has wide appli-
cations in biomedical signal processing such as on electroen-
cephalography (EEG) and electrocorticography (ECoG) data.
ICA methods have been used to effectively separate artifacts
such as eye blinks and muscle activity [1] and to study
brain activities [2]. Applying ICA to EEG data is based
on a reasonable assumption that multi-channel scalp EEG
signals are mixtures of temporally independent non-Gaussian
sources [3].

Many ICA algorithms have been developed to separate the
sources from the channel signals [4], with the assumption of
spatiotemporal stationarity of the data, such as widely used
Infomax ICA [5] and FastICA [6]. For non-stationary EEG
signals, ICA methods such as Adaptive Mixture ICA (AM-
ICA) [7] can generate good component decomposition but
are computationally expensive. However, the aforementioned
ICA algorithms are all offline analyses. In many real-world
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applications, including real-time functional neuroimaging
[8], artifact rejection, and adaptive brain-computer interface
(BCI), online (sequential) source separation methods are
needed. Desirable properties in these applications are fast
convergence and low computational complexity.

Among the online ICA methods, online recursive ICA
(ORICA) [9] has such attractive properties of fast conver-
gence and low computational complexity because it employs
a recursive-least-squares (RLS) type method derived from
a fixed point solution to Infomax ICA. Subsequently, a
computationally real-time and online ICA pipeline has been
proposed [10] which incorporates the whitening step prior
to the application of ORICA to improve the convergence
speed and employs a block-update rule to accelerate the
computational speed. It has been shown that the ORICA
method can decompose 64-ch simulated EEG data and
extract informative components from the 61-ch experimental
EEG data. However, some questions remained unanswered:
how consistent are the ORICA components across experi-
mental EEG datasets and how is its performance compared
to other ICA methods.

This study tested the ORICA algorithm on thirteen experi-
mental 71-ch EEG datasets and compared the results to those
obtained by ten popular batch-mode ICA or BSS algorithms,
following the ICA comparison approach published by [3].
Both quantitative and qualitative performance of ORICA are
given in terms of decomposition quality, validity of source
characteristics, and computational complexity.

II. METHODS

With the standard ICA model x = As, complete decom-
position is performed, i.e. estimate unmixing matrix W such
that all sources are recovered by y =Wx, where x are scalp
EEG observations, A is an unknown mixing matrix, and s
and y are original and reconstructed source activation time
courses respectively.

A. Online Recursive ICA (ORICA)

ORICA is an online ICA algorithm with a recursive
update rule derived from a fixed-point solution to the natural-
gradient Infomax ICA, proposed by [9]. The final learning
rule is extended to a block-update form [10], with a block
size L, to reduce the computational load:

Wn+L ≈
(∏n+L−1
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Followed the optimized parameters used in [10], we chose
the block size L = 8, the heuristic time-varying forgetting
factor λn = 0.995/n0.6, and the nonlinear projection func-
tion f(y) = −2 tanh(y) with the assumption that all EEG
sources are supergaussian. The assumption is verified on the
datasets and is generally hold for filtered, e.g. line-noise
removed, EEG data.

A whitening step is added prior to ORICA to decorrelate
the data and improve the ICA convergence. Pre-whitening
provides a fair comparison between ORICA and other batch-
mode ICA algorithms where data are also pre-whitened. OR-
ICA with pre-whitening (denoted as ORICA) is highlighted
in pink in Section IV). ORICA with two to three passes over
the data (denoted as ORICA-2 or ORICA-3) are also tested
to see the improvement of performance as more data points
are available.

B. Other ICA or BSS Algorithms

Ten ICA or BSS algorithms from three groups plus prin-
ciple component analysis (PCA) are used for comparisons.
The first group is the natural gradient ICA algorithms,
including AMICA [7], Infomax [5], and Extended Infomax
[11], highlighted in yellow in Section IV. This group is
known for its ability to extract dipolar sources from EEG
data while it is computational expensive. The second group
includes FastICA [6] that maximizes negentropy, JADE [12]
that maximizes the fourth-order cumulants, and ThinICA
(TICA) [13], highlighted in green. The third group belongs to
the second-order time-delay approach [14] to the BSS prob-
lem including SOBI, icaMS, FOBI, and EVD, highlighted
in blue. PCA is also tested to characterize the effect of
pre-whitening, highlighted in purple. The detailed selection
of parameters and references of the above algorithms are
described and listed in [3].

C. Evaluation Methods

1) Mutual Information Reduction (MIR): ICA aims at
maximizing the independence and mutual information reduc-
tion (MIR) provides an estimation of independence in terms
of mutual information between sources, defined as

MIR = I(x)− I(y) = log |detW |+
[h(x1) + · · ·+ h(xN )]− [h(y1) + · · ·+ h(yN )]

(2)

where I is mutual information and h is marginal en-
tropy. Better ICA decomposition will have more independent
sources and higher MIR.

2) Equivalent Dipole Modeling: It has been demonstrated
that independent EEG sources are dipolar [3]. Hence to
quantify the quality of the decomposed individual sources,
the surface spatial distribution of each IC is fitted into a
single equivalent dipole in a spherical four-layer head model
using the DIPFIT plug-in in the EEGLAB toolbox [15]. The
error of the dipole fitting is the residual variance (r.v.). Near-
dipolar sources are defined as r.v. < 5%. More near-dipolar
components correlates with better ICA decomposition for
EEG data.

III. MATERIALS

A. EEG Data

The EEG datasets used in this study are available
at http://sccn.ucsd.edu/wiki/BSSComparison, from thirteen
subjects performing the visual working memory task de-
scribed in [16]. Each dataset has EEG signals from 71 chan-
nels with sampling rate of 250Hz and data length of 296,000
to 315,000 samples (around 20 minutes of recording). The
data have been high-pass filtered with cutoff frequency at
0.5Hz to remove trend, and the epochs with high-amplitude
or high-frequency abnormalities have been removed [3].

Fig. 1. Scalp maps and mean activity spectra of four ORICA component clusters (central occipital alpha, frontal midline theta, left mu and right mu)
accounting for non-artifact brain sources from four subjects. Components in each cluster are selected by visual inspection according to their scalp maps
and power spectra.
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Fig. 2. Scalp maps of the five informative components - the occipital alpha,
the frontal midline theta, the left mu, the right mu, and the horizontal eye
movement (EOG) - decomposed by AMICA, Infomax, ORICA, FastICA,
and SOBI from the dataset S2. The similar components are found by best-
matching ICs with the results of ORICA.

B. Data Analysis

Data were loaded into MATLAB and analyzed by the
open source EEGLAB toolbox [15]. We ran each algo-
rithm on each dataset, recorded the runtime, solved for
unmixing matrix, and evaluated the decomposition perfor-
mance with the methods described in Sec. II-C. The MAT-
LAB scripts for running the comparisons can be found
at http://sccn.ucsd.edu/wiki/BSSComparison. The MATLAB
functions of the algorithms in Sec. II-B can be downloaded
from EEGLAB [15] (sccn.ucsd.edu/eeglab) and ICALAB
[17] (www.bsp.brain.riken.jp/ICALAB).

IV. RESULTS

The informative independent components (ICs) decom-
posed by ORICA from each dataset are manually selected
based on their scalp maps and mean activity spectra and
grouped into the following four non-artifact brain source
clusters: central occipital alpha (8-12Hz), frontal midline
theta (near 6Hz), left and right motor mu (near 10Hz with
harmonics) clusters.

Each ORICA cluster contains similar ICs from 5-8 sub-
jects, demonstrating the consistency of ORICA decomposi-
tion across the datasets. The results from the four selected
subjects are shown in fig. 1. Due to variability across
subjects, not every dataset returns the same informative
ICs. However, the scalp maps and the source dynamics of
the ORICA components are consistent with those from the
previous study [3] using AMICA, which has shown to be the
ICA algorithm with the best performance.

Fig. 2 gives the qualitative comparisons across algorithms
by looking at the five informative ICs from ORICA on the
datset S2 and their counterparts decomposed by AMICA,

Infomax, FastICA, and SOBI algorithms from the same
dataset. Similar components were found by best-matching
the ICs, in terms of the correlation of the scalp maps,
of ORICA and the other algorithms using the Hungarian
method.

ORICA components strongly resemble the ICs from the
best-performed ICA methods such as Infomax and AMICA.
The FastICA returned the similar components but some
ICs such as fMθ and hEOG are less homogeneous. Spatial
distribution of the SOBI components are even worse. Results
of the PCA components are not shown because PCA failed
to decompose similar components. The components from
AMICA, Infomax, and ORICA have lower r.v. values than
those from FastICA, and SOBI.

Fig. 3 provides the quantitative comparisons of the five
groups of the fourteen algorithms, assessed by mutual in-
formation reduction (MIR) and percentage of near-dipolar
components with r.v. < 5% averaging across the thirteen
datasets. Along the linear regressed curve, algorithms at top
right have better decomposition performance and more near-
dipolar sources. ORICA (pink) has worse performance than
the standard Infomax-based algorithms (yellow), whereas it
outperforms the other groups of algorithms such as FastICA
(green), SOBI (blue), and PCA (purple).

It should be emphasized that even the ORICA with single-
pass performs better than several batch-mode algorithms.
With more passes through the dataset, the performance of
ORICA-n improves and approaches the performance of the
leading Infomax group, which has a few hundreds passes.
This suggests ORICA has fast convergence characteristic.

Fig. 4 compares the computation time, i.e. complexity, and
shows the number of near-dipolar sources averaged across
the thirteen datasets for all algorithms. ORICA runs four
times faster than Infomax does and is able to decompose
80% of Infomax’s near-dipolar sources. Furthermore, OR-
ICA outperforms FastICA (green) in both computation time
(three times faster) and performance (13% more near-dipolar
sources). SOBI and PCA run faster than ORICA but have
poor decomposition quality. The result of AMICA is not
shown because it requires parallel processing and runs for
hours.

Algorithms that decompose more near-dipolar compo-
nents require more computation time. In the performance-
complexity relations, ORICA stands out with its low com-
putational complexity while the performance remains at
high level. It is worth noting that ORICA can on average
decompose a 71-ch dataset with 300,000 samples in about
40 seconds on a laptop without the feature of parallel
processing. The even more powerful feature of ORICA is that
the computation time can be further reduced by increasing
the block-update size [10].

V. CONCLUSIONS

This study provides both qualitative and quantitative eval-
uation of the performance of the ORICA method. Qual-
itatively, the results confirm that ORICA can extract the
informative ICs (brain and artifact sources) from the 71-ch
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Fig. 3. Percentage of the components (out of 71 ICs) with near-dipolar scalp
maps (residual variance <= 5%) and mean mutual information reduction
(MIR) averaged across thirteen datasets for the five groups of the fourteen
algorithms described in the Methods Section. The color of each group is
manually added. Results of ORICA with n-passes over the data (ORICA-n)
are shown.

Fig. 4. The log-scale computation time and the number of near-dipolar
scalp maps (r.v. <= 5%) of the five groups of the fourteen algorithms are
shown. The dots and bars show the mean and standard deviation of the
number of near-dipolar sources averaged across the thirteen datasets. The
standard deviation for the computation time is too small to plot. Algorithms
at lower right are better. The datasets are processed in MATLAB 2012a on
a dual core 2.5GHz Intel i5-3210M CPU with 8GB RAM.

experimental EEG data. The decomposed ICs are consistent
across the datasets from different subjects and also agree with
the previous study using AMICA. Quantitatively, in terms
of decomposition performance (MIR) and validity of source
characteristics (number of near-dipolar sources), ORICA’s
performance approaches the best-performed Infomax-based
method as number of passes over data increases and is
uniformly better than other algorithms. Furthermore, ORICA
outperforms most of ICA methods in terms of computational
complexity, except the algorithms with poor decomposition
such as SOBI and PCA.

The results of this study indicate ORICA can achieve good

decomposition with low computational complexity, which
can be an alternative for ICA decomposition of high-density
EEG data, compared to the standard ICA methods such as
Infomax. These attractive properties of ORICA enable the
realization of real-time online ICA process, which has fur-
ther applications such as real-time functional neuroimaging,
artifact rejection, and adaptive BCI.
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