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Abstract Independent component analysis (ICA) is an
approved method for (e.g., muscle) artifact removal in elec-
troencephalography (EEG). But, as it creates only m ≤ n
components from n signals, it may fail to clearly separate
the artifacts. In order to keep the strengths of ICA and over-
come its limitations, we extend ICA by state-space modeling
(SSM), thereby enabling m > n. Rather than exploring
an optimized choice of the ICA algorithm, the effect of
this extension is analyzed. Four methods, low-pass filtering
(LPF), ICA, ICA–LPF, and ICA–SSM, are applied, first, to
a clean epilepsy EEG segment artificially contaminated by
muscle artifacts (MA), thereafter to 7 epilepsy patients’ data.
Both by visual assessment by an experienced clinician, and
by quantitative measures, ICA–SSM is proven to remove
MA better and with less signal distortion than ICA–LPF and
much better than pure LPF or ICA.
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1 Introduction

Electroencephalography (EEG) is an established method for
recording the brain’s electric fields with electrodes attached
to the scalp [1]. But EEG signals often contain artifacts
of physiological (e.g., heart beat, eye movements, muscle
activity) or technical (e.g., electrode popping, power-line
coupling) origin. In particular, muscle artifacts occur in
epilepsy EEG, hiding, e.g., epileptic spikes. A low-pass filter
(LPF), applied to all channels or to a subset of disturbed chan-
nels, may suppress “higher-” frequency components of such
artifacts [2,3]. However, a “mild” cutoff frequency might
leave residual artifacts, or a lower cutoff frequency would
delete useful physiological information [4,5], such as the
“high-frequency oscillations” related to developing epileptic
seizures. Band-stop filters may be a better alternative, but
still the chosen band limits would be critical [2,6,7]. A still
simpler, but inferior, method is the complete suppression of
disturbed channels or segments [2,4].

ICA is a widely applied technique for artifact reduction. It
decomposes multi-channel signals into components, some of
which contain the artifacts, such that after their cancellation
clean signals can be reconstructed [3,5,7–15].

However, in [16], an application of ICA to temporal-lobe
epilepsy patients data demonstrated that almost all compo-
nents contained muscle artifacts, in addition to physiological
information; no clear separation and reconstruction was pos-
sible, due to the limited number of ICA components. It was
therefore suggested to combine ICA with digital filters. In
[17], ICA was applied to ictal recordings, followed by dig-
ital low-pass and notch filtering of artifactual components,
thereby enhancing ictal patterns.

In [5], the use of canonical correlation analysis (CCA)
was proposed; in [3] it was compared to one of the ICA
methods tested in [2]. The sensitivity of LPF to the cutoff
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frequency was demonstrated. In [18], a comparison of 15
ICA methods showed that—excepting two of the methods
and a very low SNR—the accuracy does not differ much,
while computational complexity varies quite a bit.

Altogether, in all comparisons ICA turned out to be useful,
both for detecting and for reducing artifacts [19–21]. Thus, in
this paper we wish to keep ICA as a core method. We choose
the well-established FastICA algorithm [22]; while not the
fastest existing algorithm for ICA, it is still 10–100 times
faster than 10 other algorithms [18]. We examine what can
be gained by creation of additional components via SSM, as
proposed in [23]: in contrast to most ICA algorithms, SSM
takes the temporal structure of the data into account [24].

Section 2 of this paper describes the methods, Sect. 3 the
quantitative measures of performance, Sect. 4 the results for
the case of artificially added artifacts, Sect. 5 the results for
the case of real artifacts, and Sect. 6 gives conclusions.

2 Methods

2.1 Low-pass filter (LPF)

Because of its maximally flat passband, we choose a Butter-
worth LPF1 with order 10 and cutoff frequency fc = 45Hz.
All channels’ signals are sent through the LPF. This simple
approach might leave some artifacts or delete useful physio-
logical information.

2.2 Independent component analysis (ICA)

ICA relies on two assumptions: The components (also known
as sources) sl(k) are non-Gaussian (except for at most one)
and independent. The underlying model is [25]

y(k) =
m∑

l=1

cl sl(k) = Cs(k), (1)

where y(k) = [y1(k), . . . , yn(k)]T denotes the data vector, k
time, and n the number of sensors;C = [c1, . . . , cm] denotes
an n×m full-rank mixing matrix, with m ≤ n, i.e., there are
at most as many sources as sensor signals. Here, we assume
the case m = n, i.e., no dimensionality reduction is applied.

For the chosen FastICA algorithm [22,26], different set-
ups are possible. Concerning the choice of the nonlinearity,
after many tests with evaluation of mutual information and
final artifact reduction, we choose the version “pow3”; fur-
thermore, the “deflation” approach is used and “stabilization”
is switched on.

1 Butterworth filters also have a low phase distortion; even this can be
avoided by forward–backward filtering. Comparing both with a linear-
phase FIR filter shows no noticeable differences in our result.

After applying this ICA to raw data, an experienced clini-
cian selects the contaminated components, considering both
the original signals and a hint given by a frequency threshold:
Components with noticeable power-spectral contents above
45 Hz and none below are suggested to be artifacts; no auto-
matic decision takes place.

Finally, selected components are removed completely
before reconstruction of “artifact-free” signals.

2.3 ICA–LPF

While performing well for certain kind of artifacts (e.g.,
eye movements), ICA has difficulties with muscle artifacts
[16]. Therefore, the artifactual components—selected as in
Sect. 2.2—are sent through the LPF of Sect. 2.1. The com-
ponents that still show residual artifacts after the LPF are
removed completely. Then, “artifact-free” signals are recon-
structed.

2.4 ICA–state-space modeling (SSM)

After ICA, SSM is applied; details of SSM can be found in
[23,27], while here only a brief summary is given.

Dynamical templates are created for “brain activity only”,
i.e., from an artifacts-free segment. First, FastICA is applied.
Each component is fitted by an ARMA(4,3) model2 with
parameter determination via Prony’s method [28]. The set
of ARMA models is then recast as a linear block-diagonal
SSM:

s(k) = As(k − 1) + Bη(k), (system model) (2)

y(k) = C̃s(k) + ε(k), (observation model) (3)

s(k) is the (unobserved) state vector, Bη(k) is a white
Gaussian dynamical-noise term with covariance matrix Q,
and ε(k) is a white Gaussian observation noise term with
covariance matrix R (assumed diagonal).

The system matrix A is block-wise diagonal with sub-
matrix blocks A j built in “left-companion” (or “observer-
canonical”) form [24,29,30]. The system noise-gain matrix
B is a column vector, η being scalar, with stacked sub-vectors
B j ; the dimension of eachA j matches that of the correspond-
ing B j ; in our case, all dimensions are p = 4. The matrices
A j and B j contain the AR and MA parameters, respectively,
of the j-th independent component. For the block-diagonal
matrix Q, the blocks at the diagonal are

Q j =
(

B jBT
j

)
σ 2

η , (4)

2 Auto-regressive Moving-Average model with orders p = 4 and q =
3; for details, refer to [23,24,29–31].
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with dynamical-noise varianceσ 2
η =̇1.Theobservationmatrix

C̃ with a dimension of n × (p · n) is constructed from the
mixing matrix C in (1), obtained from ICA, by concatenat-
ing blocks built from one column from C and p − 1 zero
columns, for each independent component.

The unknown states s(k) are estimated bymeans of a linear
Kalman filter, with further improvement by a Rauch–Tung–
Striebel smoother [32]. After each application of the Kalman
filter, the log-likelihood is computed [24]:

log L(ϑ; Y) = −1

2

(
K∑

k=1

log |V(k)|

+
K∑

k=1

vT (k)V−1(k)v(k) + Kn log(2π)

)
.

Here, Y denotes the entire data set, K the number of data
vectors in Y, and v(k) the n-dimensional innovation vec-
tor. The innovations represent the difference between the
actual and the estimated data; their covariance matrix is
denoted by V. The initial SSM can be optimized in terms
of the log-likelihood of the parameter set ϑ , consisting
of the ARMA coefficients in A and B, the observation
parameters in C, the initial state vector s(1), and the obser-
vation covariance matrix R, using methods for numerical
optimization, e.g., the quasi-Newton (Broyden–Fletcher–
Goldfarb–Shanno) and the Nelder–Mead simplex algorithms
[23,29].

The components of this SSMmodel, resulting from a data
segment without artifacts, describe brain activity only, and
therefore this model can be used as “dynamical templates”.
In the next step, a segment from the same recording, but
contaminated by a muscle artifact, is selected, not necessar-
ily consecutive to the clean segment. Using the dynamical
templates found above, innovations are computed for the con-
taminated segment, in which we now expect to see mainly
artifacts. The artifact innovations are fitted by a Multivari-
ate Auto-Regressive (MVAR) model and transformed into a
new SSM. Then, the eigenvalues of the new system matrix
are computed; if they are real, AR(1) components are formed,
and if they are conjugate complex pairs, ARMA(2,1) compo-
nents are formed. The previous SSM is augmented by these
artifact components, such that the case m > n results. The
log-likelihood is optimized again, with respect to all parame-
ters of the augmented SSM.

Since artifacts are usually non-stationary, displaying sud-
den changes of amplitude, a further generalization needs to be
applied, given by state-space Generalized Auto-Regressive
Conditional Heteroscedasticity (ssGARCH) modeling;
details are given in [29]. Also ssGARCH parameters need
to be optimized. Finally, the artifactual components are
removed before reconstructing “artifact-free” signals.

3 Quantitative measures

In [27], three spectral distances described the filtering quality
of an approach. Here, two measures are determined. First,

RCA(l) = meanμ

(∣∣∣∣10 · log
(
Pow_Seg1(l, μ)

Pow_Seg2(l, μ)

)∣∣∣∣

)
, (5)

compares the power spectra of the artifact-free segment
(Pow_Seg1) and of the filtered artifactual segment
(Pow_Seg2) for some approach. The channel number is
denoted by l, the frequency byμ, averaging over all frequen-
cies by meanμ. The power spectra are found from frame-
wise spectral analysis and frame-averaging. Optimally, both
spectra—clean and cleaned—-are (almost) identical and
RCA(l) is zero or, at least, very small for a good artifact
suppression. Second,

RCC (l) = meanμ

(∣∣∣∣10 · log
(
Pow_Seg1(l, μ)

Pow_Seg3(l, μ)

)∣∣∣∣

)
, (6)

quantifies distortions of artifact-free parts by filtering. Here,
Pow_Seg3 belongs to an artifact-free segment after filtering.
A clean signal should remain (almost) unchanged after fil-
tering, so RCC (l) will be zero or, at least, very small.

In contrast to [27], these measures are evaluated channel-
wise, prior to averaging. Furthermore, we compare the
“relative success” of the four approaches by ranking their
disturbance reductions and distortions by ranks rC A ∈
{1, . . . , 4} and rCC ∈ {1, . . . , 4}, again per sensor and on
average.

4 Results for reconstructing known signals

“Semi-simulated” data are created from six EEG electrodes3

(out of 30) from the right hemisphere, with a signal length
of 20 s. The sampling frequency is reduced from originally
fs = 5kHz to fs = 1kHz. Then, a real muscle artifact is
taken from real epilepsy data: spectral analysis shows that
such artifacts contain frequencies above 30Hz. A band-pass
filterwith a passbandbetween40 and300Hz is used to extract
(mainly) the artifact.With varyingweighting factors, the arti-
fact is added to real artifact-free EEG signals in an interval
containing an epileptic spike.Both the clean and thedisturbed
signals are depicted in Fig. 1. The spike has disappeared
behind the artifact.

The four filtering techniques from Sect. 2 are applied to
these signals. The results are shown in Fig. 2 (for electrode
T8), in terms of both the signals and their power spectra;
details are discussed below.

3 Electrodes C4, T8, CP6, FC6, FC2, CP2 were chosen.
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Fig. 1 EEG signals with spikes, left before, right after adding a real
muscle artifact

Fig. 2 Left signal T8 a undisturbed, b artificially disturbed and after
c LPF, d ICA, e ICA–LPF, f ICA–SSM. Right corresponding power
spectra [g=̂b, . . . k=̂ f , with the clean-signal spectrum (dotted line) for
comparison]

4.1 LPF

The LPF described in Sect. 2.1 already yields a close similar-
ity between true and reconstructed signals and their spectra.

4.2 ICA

FastICA is applied to all 30 EEG channels, thus achieving
better performance than for the unrealistic case of only six
channels. So, 30 ICA components are obtained. The artifact
is mainly found (as described in Sect. 2.2) in the first compo-
nent, smaller residual disturbances in two more components,
and a 50-Hz artifact in another one. From the remaining 26
components, the signals are reconstructed. From Fig. 2i, it
can be seen that the resulting spectrum has more residual
artifactual contributions than after LPF, and also the 50Hz
line is still present. Even in the time domain, some distortion
(noise) is visible.

4.3 ICA–LPF

The above remark immediatelymotivates the consecutive use
of a LPF, applied now to all ICA components. Two compo-
nents still containing residual artifacts are removed before
signal reconstruction. Figure 2j reveals that, now, a bit too
much is lost in the power spectrum.

Fig. 3 Data from P1_SubsetRight1; the left half of the data was used for
estimating “clean-signal” dynamical templates; the right half contains
artifact in the last 5 s

4.4 ICA–SSM

Figure 3 displays data from the six electrodes mentioned
before, but from a different time segment, containing an arti-
fact at its end. The first (clean) part serves for the creation of
the dynamical templates4 corresponding to the case “brain
activity only”; then, the data depicted in Fig. 1 (right) are
filtered with the ICA–SSM approach—see Sect. 2.4. Four
additional components are found from the innovations of
filtering with dynamical templates; four ARMA(2,1) com-
ponents are derived (the first with ssGARCH), and all four
are optimized. Visual inspection indicates that they contain
the artifacts plus noise. The result of a reconstruction from the
remainder is presented in Fig. 2f, k. Obviously, the spectral
approximation of the clean signal is now very good.

4.5 Quantitative comparison

As seen above, all approaches yield reasonable artifact reduc-
tion, with some differences. Supplementary Table 1, as
observed in the electronic supplementary material (Online
Resource 1), quantifies these observations.

As to the cumulative RCA value, ICA offers the best arti-
fact suppression, ICA–SSM the second-best, while LPF and
ICA–LPF are worst. The averaged rank, however, says that
ICA–SSM improves on pure ICA: It is always at least second-
best, while ICA alone may be inferior to all others, with rank
rC A = 4.

Considering signal distortion, ICA–SSM has the lowest
accumulated value RCC , i.e., smallest average distortion,
followed by LPF, ICA–LPF, and, finally, pure ICA. The aver-
aged rank shows this evenmore clearly,with ICA–SSMbeing
best in four cases and rank 3only in one case,while ICAalone
is worst in five cases with the lowest rank of all.

From these results, we can assume that ICA–SSM is not
always and in all aspects better than pure ICA, but offers

4 Further controls of optimality and reliability are conducted at this
point, not to be detailed here.
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Fig. 4 Signal C4 from data in Fig. 3. a Before, and after b LPF, c ICA,
d ICA–LPF, e ICA–SSM

the best compromise in terms of artifact reduction and signal
distortion. This will be further discussed in Sect. 6.

5 Results for real data

Two epilepsy EEG data sets are employed now. For “Patient
1”, from the complete set of 30 channels, three subsets
are used, denoted as P1_SubsetRight1, P1_SubsetRight2, and
P1_SubsetFrontal, each one consisting of six channels, of
length 40s, down-sampled to fs = 1kHz. For “Patient 2”,
a subset of 10 channels (out of 30) and length 150s is used,
termed P2_SubsetSeizure.

P1_SubsetRight1 (same choice of electrodes as in Sect. 4)
is discussed first. The six signals show spikes in their first
20 s and muscle artifacts in the last 5 s (see Fig. 3). As an
example, the signal of electrode C4 is shown in Fig. 4 before
and after filtering.

5.1 LPF

Figure 4b shows some residual artifact at the output, maybe
due to themuscle-artifact bandwidth,which perhaps includes
frequencies lower than fc = 45Hz. A lower cutoff frequency
might, however, give a larger distortion.

5.2 ICA

As in Sect. 4, FastICA was applied to all 30 EEG channels;
here, the results for a subset of six signals are compared. It
can be seen that muscle artifacts appear in many, namely,
in 17 of the 30 ICA components. One component contains
artifacts and spikes, and eight components are mixtures of
theta activity and smaller artifacts. Before reconstruction, we
remove one noisy and 17 artifactual components. Figure 4c
shows the result. The obvious residual muscle artifacts are
due to the unavoidable use of components still containing
some artifacts, while already more than 50% are deleted.

5.3 ICA–LPF

The filter is applied to all ICA components, as they all
contain, to some extent, mixtures of artifacts and useful phys-
iological signals. After visual inspection of both signals and
spectra, still nine components have to be removed. Fig. 4d
proves that the additional LPF improves the artifact reduction
considerably.

5.4 ICA–SSM

The dynamical templates obtained from the “clean” part of
the signals in Fig. 3 are kept and used for the filtering of a 20-s
segment with a strong artifact (right half of Fig. 3). The SSM
is augmented by components derived from the innovations,
as detailed above, containing themuscle artifacts. OneAR(1)
and three ARMA(2,1) components are added; ssGARCH is
applied to the third component (due to its strongest impact on
the likelihood); the four components are optimized. Then, six
components in total (but mostly four of them) show a strong
artifact contribution; they are removed before reconstructing
the signals plotted in Fig. 4e: the artifact is well suppressed,
while the physiological information—especially the spike—
is preserved.

5.5 Comparison of the results

From Fig. 4, it can be seen that LPF still leaves some residual
artifacts, due to the bandwidth problem. ICA–LPF and ICA–
SSM deliver very similar signals, with a better suppression
of artifacts than with ICA or LPF alone.

Table 1 confirms this quantitatively, by showing the cumu-
lative values of RCA and RCC , as well as the averaged ranks
rCA and rCC . The best cases are indicated in boldface, worst
cases in italics values.

As to artifact reduction, ICA is always worst (with highest
cumulative RCA), while ICA–SSM is always best. So, the
first three techniques leave some unfiltered artifactual signal;
this is observed also in Fig. 5b for P1_SubsetRight1 withmuch
superfluous power above the clean-signal spectrum, which is
suppressed by ICA–SSM in Fig. 5d, without the spectral loss
visible in Fig. 5a, c for LPF and ICA–LPF.

Clearly, this loss entails some signal distortion. Accord-
ing to Table 1, LPF and ICA–LPF have indeed larger RCC

values than ICA–SSM, which performs better than the other
methods, including pure ICA. For P1_SubsetRight1, Table 1
and Fig. 5e–h show that ICA removes too little, LPF and
ICA–LPF remove toomuch spectral power, while ICA–SSM
yields the best spectral match. The results for the other sub-
sets are discussed next.
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Table 1 Accumulated values RCA and RCC , and averaged ranks rC A and rCC summarized for all signals

Data set Term Artifact suppression Signal distortion

LPF ICA ICA–LPF ICA–SSM LPF ICA ICA–LPF ICA–SSM

P1_SubsetRight1 Cum. R 27.49 64.69 31.68 17.94 25.41 31.37 25.12 19.65

Aver. r 2.17 4.00 2.83 1.00 2.67 3.17 2.83 1.33

P1_SubsetRight2 Cum. R 29.12 49.30 30.00 19.71 32.10 32.28 26.99 23.59

Aver. r 2.67 3.83 2.50 1.00 3.17 3.17 2.00 1.67

P1_SubsetFrontal Cum. R 33.87 50.65 33.65 14.87 33.46 34.77 26.59 16.40

Aver. r 2.83 3.50 2.50 1.17 3.50 3.17 1.83 1.50

P2_SubsetSeizure Cum. R 52.23 85.81 52.47 42.74 69.32 22.94 68.63 34.06

Aver. r 2.00 3.80 2.60 1.60 3.30 1.50 3.70 1.50

Patient 1new Cum. R 44.91 35.68 38.32 31.26 30.28 22.06 34.07 21.21

Aver. r 3.00 2.67 2.50 1.83 2.83 1.67 3.67 1.83

Patient 2new Cum. R 24.07 61.68 22.44 13.40 29.08 14.44 28.01 23.29

Aver. r 2.83 4.00 2.17 1.00 3.67 1.67 2.83 1.83

Patient 3new Cum. R 14.43 57.40 13.10 21.98 2.20 5.93 3.63 3.99

Aver. r 1.83 4.00 1.67 2.50 1.00 3.50 2.50 3.00

Patient 4new Cum. R 22.28 72.03 22.74 20.73 27.20 45.87 28.99 32.39

Aver. r 2.00 4.00 2.50 1.50 2.00 3.33 2.33 2.33

Patient 5new Cum. R 20.55 53.88 13.96 14.29 9.60 34.26 12.07 8.59

Aver. r 3.00 4.00 1.50 1.50 1.83 4.00 3.00 1.17

Overall average Cum. R 29.88 59.01 28.71 21.88 28.85 27.33 28.23 20.35

Aver. r 2.48 3.76 2.31 1.46 2.66 2.80 2.74 1.80

Bold numbers indicate best, italics numbers worst results

Fig. 5 Power spectra of signal C4 from P1_SubsetRight1.Dotted line in
(a–h): original signal without artifacts; continuous lines (a–d): filtered
artifactual segment and (e–h): clean segment after LPF, ICA, ICA–LPF,
ICA–SSM

5.6 Reproducibility of the results

The procedure described above is applied to the remaining
subsets and to data from five additional epilepsy patients.

5.6.1 Results for P1_SubsetRight2

Now signals from the same electrodes as in P1_SubsetRight1,
but from a different time interval, are analyzed.

Again, LPF is the first approach, yielding reduced arti-
facts and preserving spikes. Then, FastICA is applied to all

30 channels, and again artifact contributions are observed
in many (namely, at least 15) ICA components. The recon-
struction shows that also in the other components artifacts are
present. Application of LPF to all components reduces the
obviously contaminated ones to eight, and the reconstruction
is close to the resultwith pureLPF,with less residual artifacts.
Finally, ICA–SSM is applied, using the same dynamical
templates as before, but now the clean and artifactual seg-
ments are not consecutive. Again, the SSM is augmented by
four additional components. After optimization, four artifact
components are removed; the reconstruction shows strongly
reduced artifacts, while the useful physiological information
(e.g., spikes) is preserved.

Table 1 confirms that pure ICA is worst, LPF and ICA–
LPF perform similarly, while ICA–SSM is much better. In
terms of low distortion of clean signals, Table 1 indicates that
ICA–SSM also outperforms the other methods. Pure ICA is
less successful in this respect.

5.6.2 Results for P1_SubsetFrontal

Now, signals from six frontal electrodes (F3, F7, F8, FZ, FC5,
and FC6) are analyzed.

Both pure LPF and pure ICA do not remove the artifacts
well enough, although 17 ICA components are removed. In

123

Author's personal copy



SIViP (2017) 11:761–768 767

ICA–LPF, the additional filtering leaves only eight compo-
nents to be canceled; still, the reconstruction is not really
better than with pure LPF. ICA–SSM, finally, is applied
to two consecutive segments of the signals, one with, and
one without artifacts, as detailed above. Visually, the artifact
reduction becomes very good.

Table 1 confirms these observations: ICA alone performs
poorest, both in terms of cleaning and absence of distortions,
LPF and ICA–LPF perform better, and ICA–SSM is clearly
the best choice.

5.6.3 Results for P2_SubsetSeizure

Now, signals from 10 temporo-occipito-parietal electrodes
(O1, O2, T7, T8, P7, P8, P9, O7, O3, and OZ) of “Patient 2”
are analyzed . LPF, ICA, and ICA–LPF are applied as before;
for ICA–SSM, new dynamical templates are created from a
clean 150s segment. Then, a non-consecutive 150s segment
with muscle artifacts is analyzed, as described before. The
SSM is augmented by four new components from the inno-
vations, yielding a 14-component model, from which four
are removed before reconstruction.

In this case, ICA alone leaves strong artifacts, while the
other methods are more successful. The quantitative results
for artifact suppression in Table 1 show that ICA–SSM per-
forms best, though not much better than LPF and ICA–LPF.
In terms of distortions, pure ICA performs better than ICA–
SSM, while both LPF and ICA–LPF are much worse than
pure ICA. A reason for this initially surprising result was
found in the “clean segment” used for the RCA and RCC cal-
culations: It was not completely free of artifacts. So, artifacts
still present after pure ICA make the filtered signal “more
similar” to the original one, i.e., “less distorted”.

5.6.4 Results with additional data

For validation of our results, data from five more patients
were investigated. For reasons of limited space, no details
are shown here. In Table 1, their corresponding cumulative
and average ranking values, are presented. Interested readers
are referred to the electronic supplementarymaterial “Online
Resource 1”.

6 Discussion, conclusions, and outlook

In this paper, suppression of muscle artifacts in EEG via
simple LPF, pure ICA, ICA with consecutive LPF, and ICA
augmented by a SSM have been compared, based on both
semi-simulated EEG data and real EEG data from seven
epilepsy patients.

With semi-simulated data, pure ICA performs very well,
in terms of artifact reduction, for most sensor signals better

than the other three techniques, though sometimes alsoworst.
ICA–SSM is in most cases second-best, once best, while in
terms of signal distortion, it always outperforms pure ICA,
which in most cases is also worse than all other techniques.
So, it can be said that ICA–SSM is the best compromise
(“not always best but never worst”), as seen from the ranks
and their average in Supplementary Table 1.

LPF applied to our real clinical EEG data does not fully
removemuscle artifacts, because their bandwidth is not really
limited by fc = 45Hz. Also, ICA alone does not suppress
the artifacts sufficiently, due to incomplete separation of the
artifacts within the set of the ICA components. Consecutive
LPF ameliorates the results, increasing the number of clean
components, and allowing for better reconstruction, although
now also useful physiological information may be lost. A
better approach consists in ICA–SSM, with its increase of
the number m > n of resulting components, thus taking
care of the possibly larger number of artifact components.
This method provides better separation of useful and artifac-
tual components and, thus, better artifact reduction, without
stronger distortion of clean signals.

The measures RCA and rC A compare the artifact contri-
butions in the power spectra before and after filtering. In
Table 1, ICA–SSM is shown to be in most cases superior to
the other three techniques, while pure ICA performs worst:
it may even be outperformed by a simple LPF; LPF applied
after ICA is still better, but ICA–SSM is best.

The measures RCC and rCC compare power spectra of
clean signals before and after filtering, i.e., point to distor-
tions of artifact-free signals. Except in one case, pure ICA is
worst, with only few good results and several worst values
and ranks, while ICA–SSM is best in 50%, second-best in
20% of the cases, and never worst.

However, it has to be mentioned that, due to the needed
numerical optimization, ICA–SSM is a very time-consuming
method. Depending on the number of channels, the length of
the data, and, of course, the available computer hardware,
the filtering process may consume considerable time. Typi-
cally, LPF takes a few seconds, ICA (as well as ICA–LPF)
may take a few minutes, while ICA–SSM (in the currently
available implementation)may easily take a fewdays of com-
putation. Thus, future research should focus on developing
more efficient optimization procedures for ICA–SSM.
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