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ABSTRACT
We propose a novel state space modelling approach to
removing scanner-related artifacts from electroencephalograms recorded inside MR scanners. For this purpose,
dynamical templates for the actual brain activity and the
ballistocardiogram are obtained from a short piece of data
recorded without fMRI scanning; dynamical templates for
the scanner artifacts are obtained from data recorded during fMRI scanning. Finally the two sets of dynamical templates are merged. We compare our approach with Independent Component Analysis and find superior performance.

This situation is also given for various cases of simultaneously recorded time series; in this paper we will focus
on the simultaneous recording of EEG and fMRI. There are
two main artifacts that are introduced into the EEG by the
MR environment: scanner artifacts and the ballistocardiogram.
Scanner artifacts (or gradient artifacts) are technical
artifacts resulting from the modulated radio-frequency gradient fields which form an essential part of the fMRI acquisition process. If the sampling frequency of the EEG
is at least 1 kHz, and if the digital sampling of the EEG
is synchronised with the clock rate of the scanner, these
artifacts usually can be removed, or at least substantially
reduced, by forming and subtracting a template on a moving window; this technique is known as Average Artifact
Subtraction (AAS) [2]. However, these conditions are not
always fulfilled. In some cases a lower sampling frequency
is chosen for EEG acquisition, and also the synchronisation link between EEG hardware and scanner is sometimes
omitted or dysfunctional. In particular, in databases there
exist many older EEG-fMRI recordings that are too valuable to be discarded, but have been recorded without complying with these two conditions for successful average artifact subtraction. For this reason it is important to develop
alternative approaches for removing scanner artifacts.
The ballistocardiogram is an artifact of mainly physiological origin since it results from small movements of
blood vessels, effected by the heartbeat, within the strong
permanent magnetic field of the MR scanner. Removal of
this artifact is more difficult than removal of scanner artifacts; usually template-based methods or blind signal separation approaches like Independent Component Analysis
(ICA) are employed. In this paper we will present an algorithm that aims at removing both artifacts, i.e. scanner
artefacts and the ballistocardiogram, without requiring high
EEG sampling frequency and synchronisation.
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Introduction

Numerous methods for recording temporally and spatially
resolved data from the human brain in-vivo have been developed. Recently, there is growing interest in multimodal
integration, i.e., recording data from a patient (or volunteer) employing different methods simultaneously. For example, the electroencephalogram (EEG) may be recorded
while the patient is lying in a MR scanner that simultaneously performs functional magnetic resonance imaging
(fMRI) [1]. Specialised hardware has been designed such
that EEG recordings are possible now within the MR scanner, despite the strong permanent magnetic field and the
radio-frequency gradient fields. However, it is not possible to avoid the occurrence of artifacts in the EEG, resulting from both the magnetic field and the radio-frequency
pulses.
Even outside the MR scanner, artifacts represent a
well-known problem in EEG analysis; while some artifacts
are of technical origin (e.g., power supply noise), others are
of physiological origin (e.g., eye movements or muscle artifacts). The individual time series of a multivariate EEG
data set will typically represent a mixture of signals resulting from brain activity and artifacts. The task is then to
unmix these mixtures and to identify and remove the artifacts.
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ICA versus IC-LSS Modelling

Let the multivariate time series (of dimension N ) be denoted by y(t) , t = 1, . . . , T , where T denotes the length
of the time series. In ICA, it is commonly assumed that the
data was generated by a linear instantaneous observation
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equation
y(t) = Cx(t)

(1)

where x(t) and C denote the vector of independent components and the mixing matrix, respectively. x(t) and C are
estimated by minimising the residual mutual information of
the components of x(t), or by optimising a related measure
(such as maximising non-gaussianity) [3]; in order to define a unique solution, certain constraints and assumptions
need to be imposed.
Linear state space (LSS) modelling assumes that the
data was generated by a pair of equations, a linear instantaneous observation equation and a dynamical equation [4]
y(t) = Cx(t) + (t)

(2)

x(t) = Ax(t − 1) + η(t)

(3)

where (t) and η(t) denote an observation noise term and a
dynamical driving noise term, respectively. The covariance
matrices of the noise terms η(t) and (t) shall be denoted
by Sη and S . The vector x(t) is now called the state vector.
Again, a unique solution requires certain constraints to be
imposed. From given data the state vector is estimated by
Kalman filtering, which is applied iteratively through the
time index; model parameters can be estimated by maximisation of the likelihood [5], using algorithms for numerical
optimisation.
By assuming a common block-diagonal shape for the
state transition matrix A and the covariance matrix of the
driving noise Sη it is possible to define a class of state space
models that are capable of unmixing a given multivariate
time series into a set of independent components [4,5]; we
shall denote this approach as IC-LSS modelling. Within
the dynamical equation, each component is modelled either as an autoregressive process of first order, AR(1), or as
an autoregressive moving-average process of orders p and
p − 1, ARMA(p, p − 1); in this paper we will only employ
the model orders p = 1 and p = 2, such that each component corresponds to just one eigenvalue of A (which for
p = 2 will be a complex conjugated pair). This is the most
convenient choice for the structure of IC-LSS models, and
sufficient for the purpose of this paper; a thorough estimation of optimal model order for each component would be
impracticable, although theoretically possible.
As a useful generalisation, the covariance matrix of
the driving noise Sη may be allowed to depend on time
through an additional ARMA model; this case is known
as “state space generalised autoregressive conditional heteroscedasticity” (SSGARCH) modelling [5]. This generalisation is introduced, after the parameters of a stationary
IC-LSS model have been fitted by maximum-likelihood.
SSGARCH modelling will require additional estimation of
at least three further parameters; again, this can be done
by maximum-likelihood, such that the resulting scaling and
time dependency of the variances is completely determined
by the data. Technical details can be found in [5].

Figure 1. EEG time series corrupted by scanner artifacts;
top: 20 seconds subset; bottom: 3 seconds close-up.
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Real Data Example: Analysis by ICA

We choose, as an example, a clinical EEG-fMRI time series recorded from a patient suffering from epilepsy, at a
sampling frequency of 500 Hz; no synchronisation between
scanner and EEG was available during recording. A subset
from the time series, consisting of 6 (out of a total of 30)
EEG channels during 20 seconds (out of a total of 20 minutes), is shown in Fig. 1; the figure also shows a close-up
of 3 seconds duration. It can be seen that this time series
is strongly corrupted by high-amplitude pulsating scanner
artifacts. The close-up shows the detailled structure of the
artifacts corresponding to one fMRI headscan. The power
spectrum of one channel from this time series is shown
in Fig. 10; it can be seen that the artefacts dominate the
power spectrum between 29 Hz and the Nyquist frequency,
both by sharp peaks and by broadband activity. Attempts to
clean this EEG time series set by AAS [2], using BrainVision Analyzer (Brainproducts GmbH, Gilching, Germany)
have failed.
We apply various ICA algorithms to a 60 seconds segment from this EEG time series, using all 30 channels; we
choose the InfoMax, JADE and TDsep algorithms (see [3]
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for details and references). From each algorithm we obtain
30 independent components, which are interpreted by visual inspection. Some components are dominated by scanner artefacts, some represent drifts or the ballistocardiogram. By suppressing the components regarded as artefactual and transforming back to data space, we obtain filtered
time series. For the example of JADE, the filtered time series is shown in Fig. 2; again only a representative subset
of 20 seconds (with 3 seconds close-up) and 6 channels is
shown.
It can be seen that JADE succeeds in reducing the amplitude of the artifacts while failing to remove them completely; as can be seen from the 3 seconds close-up in
particular, there remains a considerable amount of residual scanner artefacts. We might try to improve this result
by suppressing more components; however, visual inspection shows that the remaining components contain predominantly brain activity, which then would also be lost. We
conclude that brain activity and residual artifacts, to a certain degree, remain mixed within these components, such
that further artifact suppression becomes impossible. The
results for InfoMax and TDsep are similar to the JADE results.

Real Data Example: Analysis by IC-LSS
Modelling

We will now describe a three-step procedure for modelling
and suppressing scanner artifacts and the ballistocardiogram based on IC-LSS modelling, as summarised above.
4.1

First Step: EEG without Scanner Artifacts

Scanner artifacts result from the radio-frequency pulses
which form an essential part of the fMRI acquisition process. Usually the fMRI acquisition process is terminated
earlier than the EEG recording process, therefore a certain
window of EEG data is available which is not affected by
scanner artifacts. For the chosen clinical EEG time series,
20 seconds of this window are shown in Fig. 3; the ballistocardiogram is clearly visible. We remark that for this
window of EEG data the origin of the time axis is chosen
differently than for the window shown in Fig. 1.

Figure 3. EEG time series after end of fMRI acquisition.

A first IC-LSS model is fitted to this window of EEG
data; in order to reduce the number of model parameters,
and thereby the time required for model optimisation by
maximum-likelihood, only the 6 EEG channels displayed
in Fig. 3 are modelled. The IC-LSS model resulting from
the optimisation process consists of 3 AR(1) components
and 29 ARMA(2,1) components.
We remark that this particular choice for the numbers of AR(1) and ARMA(2,1) components is not justified by a quantitative criterion, but rather results from a
model design process involving subjective elements. The
aim of model fitting is to extract all temporal correlations
from the data, such that the data prediction errors (i.e., the
innovations) have a white power spectrum. We can approach this aim by adding additional components to the ICLSS model; clearly visible peaks in the power spectrum of
the data should always be represented by a corresponding
ARMA(2,1) component. However, each additional compo-

Figure 2. EEG time series of Fig. 1 filtered by ICA (JADE);
top: 20 seconds subset; bottom: 3 seconds close-up.
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much stronger scanner artifacts. The two ballistocardiogram components will serve a similar role.
If we suppress the ballistocardiogram components,
and also the 19 sinusoidal components, and transform the
remaining components back to data space, we obtain the
filtered data shown in Fig. 5. It can be seen that the suppression of the ballistocardiogram completely changes the
appearance of the data; in particular, it becomes possible to
identify typical epileptic spikes.

nent increases the total number of model parameters to be
estimated by maximum-likelihood, and thereby the computational time consumption of the parameter estimation step;
therefore, a compromise between whiteness of the innovations and time consumption needs to be found.
The decomposition corresponding to the chosen
model is partly shown in Fig. 4; this figure shows estimates of the states obtained by a Rauch-Tung-Striebel
(RTS) smoother [6], applied to the result of the Kalman
filter. In the figure, components are ordered according to
their eigenvalues. Eigenvalues are real for AR(1) components and (in most cases) complex conjugate pairs for
ARMA(2,1) components; in the latter case components are
ordered according to the phase of the complex eigenvalues,
which represents a frequency.

Figure 5. EEG time series of Fig. 3 after IC-LSS filtering.

4.2
Figure 4. Decomposition of the EEG time series of Fig. 3
by IC-LSS modelling; 16 components at higher frequencies
have been omitted. Components 1-3 are AR(1), all others
ARMA(2,1).

Second Step: EEG with Scanner Artifacts

The second step of the proposed three-step procedure consists of fitting a IC-LSS model to a part of the EEG time
series recorded during fMRI acquisition; we choose the
same 60 seconds segment that was analysed by ICA before
(see Fig. 1), but again only the 6 EEG channels displayed
in Fig. 1 are modelled. The IC-LSS model resulting from
the optimisation process consists of one AR(1) component
and 17 ARMA(2,1) components. Again, for the partly subjective nature of this particular choice for the numbers of
AR(1) and ARMA(2,1) components the same remark applies, as for the IC-LSS model of the previous step.
The decomposition corresponding to this model is
partly shown in Fig. 6; only a representative window of
20 seconds (with 3 seconds close-up) is shown. Again estimates obtained by a RTS smoother are shown, ordered
according to their eigenvalues.
We interpret components 2-4 and 6 of Fig. 6 as representing a mixture of brain activity and ballistocardiogram,
while component 5 contains mainly a slow drift within the
chosen 60 seconds data window; usually we would expect
such drift to be captured by a AR(1) component, with an
AR parameter of 1.0, but during the numerical model optimisation step it may incidentally happen that the drift is
captured by an ARMA(2,1) component with eigenvalues
very close to the real axis. All other components in Fig. 6

We interpret components 5 and 8 of Fig. 4 as representing the ballistocardiogram (recognisable by an oscillation at the frequency of the heartbeat), and components
4, 6, 7 and 9-12 as representing actual brain activity. The
AR(1) components 1-3 could either be interpreted as lowfrequency brain dynamics, or as drift components; since we
are mainly interested in retrieving stochastic oscillations as
it is typical of EEG, we prefer to regard only ARMA(2,1)
components as brain dynamics. Furthermore, we discard
component 15, since it is dominated by high-frequency
noise. The remaining components (13, 14, 16, and 16
further components at higher frequencies which have been
omitted from Fig. 4) consist of fast sinusoidal oscillations,
which are untypical of brain activity; therefore we interpret these 19 components as irrelevant, or as representing
further artifacts of technical origin.
We keep the 7 brain activity components as “dynamical templates” for modelling the actual brain activity;
these templates will help us to separate brain activity from

108

for modelling the scanner artifacts. Also the drift component is retained for further modelling of this EEG time series.
4.3

Third Step: Merging the Models

The third step of the proposed three-step procedure consists of merging the models from the first and second steps.
This merging is performed by constructing a new IC-LSS
model from the following components (i.e., dynamical
templates):
• 7 brain activity components (from first step);
• 2 ballistocardiogram components (from first step);
• 13 scanner artifact components (from second step);
• one drift component (from second step).
The merging of the components is performed as follows.
Each ARMA(2,1) component
is represented by a (2×2)
dimensional matrix aa12 10 (with autoregressive parameters
a1 and a2 ), which in turn represents the corresponding pair
of complex eigenvalues by a left companion form matrix
[5]. The state transition matrix of the new IC-LSS model
is formed by collecting these (2×2)-dimensional component matrices into a blockwise diagonal matrix; for AR(1)
models (i.e., single real eigenvalues) only a single autoregressive parameter is inserted onto the diagonal.
In a similar fashion the covariance matrix of the
dynamical driving noise Sη is constructed by collecting
1 b 
the (2×2)-dimensional component matrices b1 b12 (with
1
moving-average parameter b1 ) into a blockwise diagonal
matrix; for AR(1) models only a single value of 1 is inserted.
Furthermore, for each data channel and each component there is a corresponding observation parameter; from
these parameters the observation matrix of the new IC-LSS
model is formed, according to the chosen order of components (which again shall be ordered according to the corresponding eigenvalues).
Finally, the observation noise covariance matrix S is
of minor relevance and can be reinitialized by a small positive value times a diagonal matrix.
The resulting IC-LSS model, formed from dynamical templates, consists of one AR(1) component and 22
ARMA(2,1) components; this model is then further improved by maximum-likelihood optimisation for the same
EEG time series with scanner artifacts which were also
used in the second step (see Fig. 1). During this optimisation step, the dynamical templates change their properties, and some components may even shift from describing
brain activity to describing scanner artifacts (since the variance of the artifacts is much larger than the variance of the
brain activity); nevertheless, we obtain a considerably better model for both contributions than provided by the model
of the second step alone.
In this approach it is tacitly assumed that the brain
activity and ballistocardiogram components obtained from
the EEG after the end of fMRI acquisition also represent

Figure 6. Decomposition of the EEG time series of
Fig. 1 by IC-LSS; top: 20 seconds subset; bottom: 3
seconds close-up. Component 1 is AR(1), all others are
ARMA(2,1); component 14 uses SSGARCH.

clearly represent scanner artifacts. Note that also component 1, the only AR(1) component, represents scanner artifacts; the AR parameter of this component is negative,
thereby corresponding to the highest possible frequency,
i.e. the Nyquist frequency. This demonstrates that the scanner artifact contains power at very high frequency.
Stationary linear stochastic processes, such as AR(1)
and ARMA(2,1) processes, are not optimal for modelling
the pulsating patterns which are typical of the scanner artifacts. As mentioned above, it is possible to introduce a
nonstationary element into the model by employing SSGARCH modelling, which allows Sη to depend on time.
We apply this generalisation to only one of the artifact components, namely to component 14 of Fig. 6, because among
the artifact components this component contributes most to
increasing the likelihood. This generalisation improves the
quality of the model of the scanner artifacts considerably,
while adding only three additional parameters to the set of
parameters of the IC-LSS model.
We regard the 13 scanner artifact components, including the SSGARCH component, as “dynamical templates”
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nent from the set of dynamical templates of the scanner
artifacts. The time-dependent variance of this component
within the final model is shown in Fig. 8; only one second
is shown, such that the fast switching of the variance from
low values close to 100 to high values between 103 and
106 , or larger, becomes visible. During the interval displayed in the figure, one fMRI headscan ends and the next
headscan starts; it can be seen that at the onset of the next
headscan the variance jumps to a very large value close to
106 , but soon collapses again to low values. Each further
jump of the variance towards higher values corresponds to
a new radio-frequency pulse, representing the scanning of
one horizontal slice of brain.

a valid model for the corresponding activity during fMRI
acquisition, i.e., a certain degree of stationarity is assumed.
It would also be possible to refine the resulting model
further by extracting additional components from the innovations (i.e., the data prediction errors provided by the
Kalman filter); typically such components would represent
further scanner artifacts.

Figure 8. Time-dependent variance of SSGARCH component (component 23) within IC-LSS model of the EEG time
series of Fig. 1, using dynamical templates.

If we suppress the scanner artifact, ballistocardiogram
and drift components, and transform the remaining components back to data space, we obtain the filtered data shown
in Fig. 9; again only 20 seconds from a data window of 60
seconds are shown (with 3 seconds close-up). It can be seen
that also for this part of the EEG time series typical epileptic spikes become visible, after suppression of the artifacts.
No traces of artifact-related noise are visible.

Figure 7. Decomposition of the EEG time series of Fig. 1
by IC-LSS model, using dynamical templates; top: 20 seconds subset; bottom: 3 seconds close-up. 10 components
at higher frequencies have been omitted. Component 1 is
AR(1), all others are ARMA(2,1); component 23 (omitted)
uses SSGARCH.

4.4
The decomposition corresponding to the resulting ICLSS model is partly shown in Fig. 7; only a representative
subset of 20 seconds (with 3 seconds close-up) is shown.
Again estimates obtained by a RTS smoother are shown, ordered according to their eigenvalues. We interpret components 2-5 and 8 as representing brain activity, component 6
as a drift component, component 7 as a ballistocardiogram
component and all remaining components (1, 9-13, and 10
further components at higher frequencies which have been
omitted from Fig. 7) as scanner artifact components. Note
that within this decomposition epileptic spikes seem to be
mainly represented by component 2.
This IC-LSS model inherits the SSGARCH compo-

Quantitative Measure of the Effects of Filtering

We shall briefly discuss a quantitative measure for the effects of filtering the given clinical time series by different
ICA algorithms or by IC-LSS. For this purpose, we measure the distance between the original time series and the
corresponding filtered time series by the Chernoff information divergence JBα (.; .), introduced by Kakizawa et al.
[7, equation 17]. JBα (.; .) represents a set of symmetric
non-negative distance measures which are computed from
the series of complex (N ×N )-dimensional matrices resulting from application of the Fourier transform to each of the
given two multivariate times series. We choose α = 0.5
since at this value we obtain maximum distances.
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For ICA, residual artefact peaks remain visible in the spectrum, leading to the residual artefacts shown in Fig. 2; for
IC-LSS these residual peaks are much weaker (noting that
the vertical axis in Fig. 10 has logarithmic scaling) and do
not cause visible artefacts in time domain.
While analysis of JB0.5 (.; .) allows us to quantify
distances between original and filtered time series, it does
not directly answer the question to which extent the aim
of the filtering was reached. A low-pass filter would produce a filtered time series with large distance to the original
time series, but at the cost of suppressing all physiological
information beyond the cut-off frequency. Here we are facing a signal separation problem which cannot be addressed
directly in frequency space.
A measure which directly quantifies the success of the
filtering is difficult to find, since we are lacking a welldefined reference point, such as a clean data set from the
same patient. In this situation, all we could do is quantify
and compare the quality of the various filtering approaches
interpreted as statistical models for the given data. For ICLSS, the likelihood, or derived quantities, could be used as
a measure of statistical quality; unfortunately, for the ICA
algorithms currently no measure is available that could be
compared directly with a value of the likelihood.

Figure 9. EEG time series of Fig. 1 filtered by IC-LSS with
dynamical templates; top: 20 seconds subset; bottom: 3
seconds close-up.

The following table presents the JB0.5 (.; .) distances
between the original time series and the corresponding filtered time series, using IC-LSS and three ICA algorithms,
as well as the distances between the filtered time series:

JADE
InfoMax
TDsep
IC-LSS

orig.
5.657
6.424
7.443
13.349

JADE

InfoMax

2.277
3.385
14.391

3.242
13.614

TDsep
Figure 10. Power spectrum of channel C4 of the EEG time
series of Fig. 1, original (upper curve in all panels) and filtered by JADE, InfoMax, TDsep and IC-LSS with dynamical templates (lower curves); power spectra were smoothed
by 30-fold averaging. Vertical axis has logarithmic scaling.

12.684

From this table it can be seen that filtering by IC-LSS has
caused considerably larger changes of the time series than
filtering by any of the ICA algorithms. It can also be seen
that the time series filtered by the three ICA algorithms
are relatively similar, as compared to the distance to the
time series filtered by IC-LSS. This result can be illustrated
by comparing the power spectra of the original time series
with the power spectra of the corresponding filtered time
series, as shown for channel C4 in Fig. 10. In the figure it
can be seen that the strong artefact power which is present
between 28 Hz and the Nyquist frequency, is reduced to
much larger degree by IC-LSS than by the ICA algorithms.

5

Discussion

A standard method for suppression of scanner artefacts is
Average Artefact Suppression [2], i.e., a method based on
subtracting a slowly changing template of the artefact; for
the real-data example discussed in this paper, this method
could not be applied, due to low sampling frequency and
missing synchronisation between EEG and fMRI acquisi-

111

6

tion. In contrast to templates defined directly from characteristic shapes in data space, in this paper we have introduced dynamical templates which are defined by the parameters of a state space component that forms part of a ICLSS model aiming at optimal prediction of the time series
data. While conventional templates could be interpreted
as “phenotypes”, our dynamical templates correspond to
“genotypes”, with respect to a predictive model for the process which generated the data.
If artefacts and underlying clean signals, such as
physiological EEG, cannot be separated well in frequency
space, methods for Blind Signal Separation, such as ICA,
have been employed [3]. Various artefacts can be removed
well from EEG by ICA, such as eyeblinks; however, as
we have demonstrated, the scanner artefacts, having much
larger amplitude than the physiological EEG, cannot be
suppressed well by various ICA algorithms. This applies
both to purely distribution-based algorithms, such as JADE
and InfoMax, and to algorithms based on temporal covariance information, such as TDsep. We remark that the use
of temporal information by TDsep represents a step into the
direction of predictive models, such as IC-LSS, and consequently we have found the distance between IC-LSS and
TDsep to be smaller than the distances between IC-LSS
and the other two ICA algorithms.
Further advantages of IC-LSS modelling over standard ICA algorithms can be summarised as follows:

Conclusion

In this paper we have presented a novel state space modelling approach to removing scanner-related artifacts from
EEG data sets recorded inside MR scanners. The method
is based on obtaining dynamical templates from different
parts of the EEG data. The procedure of constructing a
new state space model by merging dynamical templates illustrates well the flexibility of state-space modelling within
a maximum-likelihood framework.
We have demonstrated that our state space modelling
approach, compared to several ICA algorithms, achieves
considerably better performance, in terms of reducing scanner artifacts. It therefore becomes possible to analyse EEGfMRI data sets for which filtering by Average Artifact Subtraction cannot be applied.
Future work should focus on developing faster algorithms for the optimisation of IC-LSS parameters; furthermore, the modelling of the ballistocardiogram should be
improved, e.g., by using the electrocardiogram recording
that in many cases would also be available.
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• temporal information can be accessed, including direction of time;
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