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EEG artifact removal
improvements
Based on de Munck JC, van Houdt PJ, Gonçalves SI, van Wegen E, and Ossenblok
PPW (2013). Novel artefact removal algorithms for co-registered EEG/fMRI based
on selective averaging and subtraction. Neuroimage 64, pp. 407–415

4.1

Introduction

EEG represents time varying potential differences that can be recorded with electrode
sensors placed on the human scalp and represents synchronous synaptic currents
associated with interacting neurons. EEG signals have a high temporal resolution,
comparable to the time scale of the working brain. The most important limitation
of EEG is its poor spatial resolution, caused by mixing of scalp potentials due to
neighboring dendritic currents. During the past decade, techniques have been
developed to overcome these limitations by recording EEG simultaneously with fMRI
(EEG-fMRI) and detecting significant correlations between the fMRI signals and EEG
variations on large time scales, such as power variations in certain frequency bands
(e.g. Goldman et al. 2002; Laufs et al. 2003a; Laufs et al. 2003b; Moosmann et al. 2003;
Mantini et al. 2007; de Munck et al. 2009a), sleep events (e.g. Kaufmann et al. 2006)
or IEDs (e.g. Krakow et al. 2001; Bénar et al. 2006; Zijlmans et al. 2007; van Houdt
et al. 2012; Grouiller et al. 2011; Pittau et al. 2012).
Simultaneous EEG and fMRI recording is complicated by the hostile environment
of the MR scanner, which causes strong artifacts in the EEG and therefore special EEG
hardware is required as well as artifact correction algorithms for the EEG signals.
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The two dominant artifacts are the gradient artifact, caused by the switching B1-field
required to select different slices, and the pulse artifact, mainly caused by small
movements of the EEG wires due to heart beats (Yan et al. 2010). A proper removal of
the pulse artifact is particularly important for clinical applications where the goal is
to localize the epileptic focus in surgical candidates, because residuals of this artifact
might resemble the IEDs that one wishes to correlate with fMRI (Masterton et al. 2007;
Flanagan et al. 2009).
Both artifacts are extensively studied and numerous artifact correction algorithms
have been presented in the literature (see e.g. Laufs et al. 2008; Debener et al. 2010b;
Eichele et al. 2010, for recent reviews). Although the gradient artifact is by far the
largest in amplitude, its removal is facilitated by its highly regular characteristics.
Most algorithms to remove this artifact are based on the work of Allen et al. (2000),
whose method determines a template artifact by averaging the recorded EEG triggered
by the onset times of the fMRI volumes. Subtraction of the template results in
a substantially improved EEG. To obtain a high quality template, EEG sampling
frequency must be larger (2 to 5 kHz), than used for routine EEG recordings. After
subtraction of the template further reduction of the artifact can be obtained by
correction for time variations in the gradient artifact, using weighted averaging
(Becker et al. 2005), accounting for head movements (Moosmann et al. 2009; Van der
Meer et al. 2010), or applying small time shifts on the template before subtraction
(Gonçalves et al. 2007; Sun et al. 2009). Negishi et al. (2004) and Niazy et al. (2005)
proposed to remove the remaining residual artifacts using a set of orthogonal base
functions (OBS). However, Grouiller et al. (2007) suggest in a comparative study that
this approach is not appropriate to find IEDs due to overfitting.
Apart from template subtraction, gradient artifacts can be removed by exploiting
the idea that these artifacts are statistically independent from the ongoing EEG, and
using temporal ICA to separate artifacts from signals of interest (Bénar et al. 2003;
Srivastava et al. 2005). However, the selection of components that represent the
artifacts requires visual inspection of the user and this provides a subjective element,
which is particularly problematic in those cases where the distinction is unclear
or when the artifacts are contaminated in many components. Alternatively on the
hardware site, large parts of the gradient artifacts can be avoided by optimizing
the timings of the fMRI sequence with respect to the EEG sampling (Anami et al.
2003). With special EEG hardware, in which the EEG clock is time-locked to the fMRI
sequence, the regularity of the gradient artifact can be largely improved, resulting
in a cleaner EEG with only template subtraction (Mandelkow et al. 2006; Mullinger
et al. 2008; Freyer et al. 2009).
The pulse artifact is smaller in amplitude than the gradient artifact, but much
less regular and therefore more difficult to remove. Allen et al. (1998) proposed
a template subtraction in combination with adaptive filtering. Sijbers et al. (2000)
as well as Ellingson et al. (2004) revised this algorithm by replacing the average
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template by a median in order to avoid the effect of extreme outliers. The variability
of the pulse artifact has been addressed by, for example, Niazy et al. (2005) assuming
that each realisation of the artifact is a linear combination of a set of orthogonal
base functions. Gonçalves et al. (2007) used a spatiotemporal clustering analysis to
construct data driven templates that can be subtracted from the raw data. Moreover,
Wan et al. (2006) proposed an algorithm consisting of a combination of a wavelet
transformation, a nonlinear model, and a spatial average subtraction. Finally, ICA can
also be used for the removal of the pulse artifacts, but its underlying assumptions
may fail to hold at higher field strengths and therefore at 3 T and 7 T they are less
effective (Debener et al. 2008).
In summary, apart from the orthogonal base functions method of Niazy et al.
(2005), removal of gradient artifacts is based on the assumption of a tight temporal
relation between the EEG and fMRI clocks, resulting in a highly reproducible artifact.
A template of this artifact can be obtained using an averaging procedure, with an
optional variant to correct for the de-phasing of the EEG and fMRI clocks (Gonçalves
et al. 2007). The performance of these methods is hampered when the assumption
of a tight coupling is violated, for instance when the MR-sequence contains dynamic
stabilization pulses, when the subject moves and changes head position during the
scanning procedure, or when the EEG sampling frequency is too low to allow an
effective shifting procedure. The first goal of this study is to show that applying a
clustering analysis of the raw EEG data is an effective alternative to clean datasets for
which direct template matching and subtraction is insufficient. The second goal of
this study is to address the problem that pulse artifacts of subsequent heart beats
can overlap in time. Apart from Vincent et al. (2007), who studied overlapping pulse
artifacts using Fourier base functions, the overlap problem is largely ignored. In the
present paper we propose an alternative approach to deal with temporal overlap
which is entirely in the time domain and is applicable in combination with the
spatiotemporal clustering approach as proposed by Gonçalves et al. (2007).

4.2
4.2.1

Methods
Data acquisition and Subjects

To test the algorithms, EEG-fMRI data of both healthy volunteers and patients with
epilepsy were used. In all recordings, subjects lay relaxed in the scanner with eyes
closed. Subjects gave written informed consent prior to participation in this study,
which was approved by the ethical committee of VU University Medical Center and
University Medical Center Utrecht.
Functional images were acquired from 29 healthy subjects on a 1.5 T MR scanner
(Magnetom Sonata, Siemens, Erlangen, Germany) in a session of 20 min in VU
University Medical Center. The goal of these recordings was to study the generators
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of spontaneous alpha rhythm. The protocol is described in de Munck et al. (2007).
Briefly, a TR of 3 s was used and each volume consisted of 24 slices, acquired in
ascending order. EEG data were acquired using an MR-compatible EEG amplifier (SD
MRI 64, MicroMed, Treviso, Italy) and a cap with 64 Ag/AgCl electrodes positioned
according to an extended 10/20 system. The sampling rate of the EEG was 2048 Hz.
In addition, EEG-fMRI data were used from 15 patients with epilepsy, recorded
on a 3 T MR Achieva MR scanner (Philips Medical Systems, Best, The Netherlands)
for about 45 min in Kempenhaeghe. A TR of 2.5 s was used and 33 slices per volume
were measured in adjacent order from bottom up. Details are given in van Houdt
et al. (2012). The EEG was recorded with the same type of MicroMed system as used
for the 29 healthy subjects. Finally, one additional test data set was recorded on
the 3 T system from a healthy subject at rest for a duration of 25 min. In this case
the same MR protocol was used as in the patients with epilepsy, but the EEG was
recorded at a sample rate of 256 Hz.

4.2.2

Gradient artifacts

The effect of the gradient artifact on the EEG signal can be mathematically described
as a superposition of the raw EEG ei (t) and an instantaneous disturbance Vi (t), which
is repeated every TR. Here the subscript i refers to channel number. The EEG is
sampled with a sample time δ, at times tn = nδ and the discretized EEG signal is
indicated by ei,n = ei (tn ). The artifact function Vi (t) is zero for t < 0 and for t > TR.
In the ideal situation, the recorded data di,n at sample n can be described as
di,n = ei,n + ∑ Vi (n · δ − k · TR)

(4.1)

k

where the sum is over all recorded K volumes. Obviously, when δ is not an exact
multiple of TR, each artifact is sampled with a different onset phase resulting in a
disturbance which is not exactly reproducible from volume to volume, see Figure 4.1.
To correct for these phase differences, a very precise estimate of TR is needed,
which is provided by, for example, Gonçalves et al. (2007). However, this estimate
relies strongly on the assumptions underlying equation (4.1). When the subject
moves, or when the MR sequence contains adaptive pulses that vary from volume to
volume, this model fails and the performance of the artifact subtraction algorithm is
compromised.
To address these problems, we assume that the EEG data set contains many
repetitions of the same artifact shape, but in an unpredictable order. A hierarchical
clustering algorithm is applied (Ward 1963) to subdivide the EEG artifacts in groups
with the highest possible similarity. When nk denotes the first sample after volume
trigger k, k = 0, · · · , K − 1, and the EEG data recorded during volume k is denoted
(k)

with Dij
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Figure 4.1: Gradient artifacts repeat themselves at time intervals that depend on the remainder
between the TR and the closest multiple of the EEG acquisition time. In this schematic figure,
the width of the different color boxes represent the different EEG onset times (remainders)
by which the EEG samples the gradient artifacts. Because the EEG sampling time is not an
exact multiple of TR, the remainders vary from volume to volume and after some time the
remainders may repeat themselves. A clustering analysis is proposed to separate differently
sampled volume artifacts into different subgroups that are as similar as possible.

(k)

j = 0, · · · , J − 1

Dij = di,nk + j

(4.2)

then the distance table for the hierarchical clustering is filled with the (squared)
Frobenius norms of all pairs of volume artifacts:
Dist2k1 ,k2 =

∑
ij



(k )


(k ) 2

Dij 1 − Dij 2

(4.3)

The distance table is used to determine the optimal separation of a partition of
L clusters into a partition of L + 1 clusters, where optimality is such that data
variability within each cluster is minimized (Figure 4.1). For each cluster a template
artifact is computed by averaging over all members, and corrected data is obtained
by subtracting the averaged clusters.
When the number of volumes within one cluster equals N, the corresponding
cluster template will contain a contribution of about σe2 /N of the background
EEG, where σe2 is the EEG variance. Therefore, the additional noise variance on
corrected EEG due to the EEG of the other cluster members will amount to σe2 and
the SNR is approximately 1/N. In practice, the hierarchical clustering is continued
until the smallest cluster size (apart from extreme outliers) is in the order of 100.
Extreme outliers in the data caused by sudden head movements generally result
in small clusters with one to five elements. These volumes are marked as bad and
corresponding fMRI scans are ignored from the EEG-fMRI correlation analysis. The
effect of this method is tested by comparing the filtered EEG to the EEG filtered by
our previous volume and slice time correction method (Gonçalves et al. 2007).

4.2.3

Disentangling overlapping pulse artifacts

Similarly to Gonçalves et al. (2007) and similar to the description given above,
hierarchical clustering is also applied to discriminate different types of pulse artifacts
and to detect outliers. When there are L pulse clusters, this procedure results in
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L series of events nl,j with l = 0, · · · , L − 1 and j = 0, · · · , J1 − 1, where J1 is the
number of elements in cluster l. In other words, nl,j is the time sample at which
the artifact of cluster l occurs for the j-th time. This detailed notation is necessary
to describe how we disentangle and estimate the overlapping pulse artifacts. For
simplicity of notation, the channel index i is from here on omitted.
Each pulse event is associated with a time window of K samples centered at
the nl,j , where the artifact maximum approximately occurs. The (unknown) artifact
shape of cluster l is indicated with θkl , where index k runs from 0 to K − 1. A
graphical representation of these symbols is presented in Figure 4.2. It is assumed
that the EEG data at sample n consists of the superposition of the background EEG
ηn and all pulse events that overlap with sample n. The j-th occurrence of artifact
θkl only adds to the EEG data sample at n when time difference between nl,j and n
equals k. In formulas, this dependency of data on unknowns can be expressed as
dn =

∑ Bn,kl θkl + ηn

(4.4)

kl

with
Bn,kl =

∑ δn,nl,j −k

(4.5)

j

In words, equations (4.4) and (4.5) mean that sample k of artifact l adds to sample n
if and only if it occurs k samples away from one of the realizations of artifact type l.
In equation (4.5) δn,m indicates the Dirac delta symbol; it equals 1 if the indices are
identical, otherwise it equals 0. In matrix-vector form we have
d = Bθ + η

(4.6)

where the indices k and l are combined into a single one lK + k and the vector
θ contains all L artifacts stacked. The OLS-estimator of the waveforms θ̂ can be
formally expressed as

inv
θ̂ = B T B
BT d

(4.7)


inv
ê = d − Bθ̂ = d − B B T B
BT d

(4.8)

The corrected data is given by

where ê is the vector with components (η̂0 , η̂1 , η̂2 , · · · , η̂ N −1 ). To use these
formulas in practice, the sparsity of matrix B is exploited. So we use

{ B T d}kl = ∑ δn,nl,j −k dn = ∑ dnl,j −k
n,j

j

(4.9)
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Figure 4.2: The symbols of the model for overlapping pulse artifacts are graphically represented. The EEG at sample n is the superposition of the undisturbed EEG and the contributions
of different heart beat clusters that depend on the time shifts between sample n and the onsets
of each artifact template.

and

{ B T B}l1 ,k1 ,l2 ,k2 =

∑

n,j1 ,j2

δn,nl

1 ,j1

−k1 δn,nl2 ,j2 −k2

=

∑ δ0,nl1 ,j1 −nl2 ,j2 −(k1 −k2 )

(4.10)

j1 ,j2

Note that B T B is a sparse symmetric and diagonally dominant matrix. Therefore,
we do not invert B T B, but compute θ̂ by solving B T Bθ̂ = B T d iteratively (Press et al.
2007). For different channels the same system matrix is used, with different right
hand sides. Finally, the corrected data is obtained by computing
η̂n = dn − { Bθ̂}n = dn − ∑ θ̂nl,j −n,l

(4.11)

l,j

4.3
4.3.1

Results
Gradient artifacts

The effect of gradient artifact clustering is illustrated in Figure 4.3 with an EEG data
set recorded at 2048 Hz and consisting of 1075 volume epochs of 2.5 s duration (1 TR)
each. Hierarchical clustering was applied on the raw EEG, down sampled by a factor
of 10. The clustering algorithm we used consists of a relatively time-consuming
initial phase in which a distance table and linkage are computed. Using these tables,
the effects of different clustering levels can be computed almost instantaneously,
allowing the determination of the optimal clustering level in an interactive setting
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using visual inspection. In the case of Figure 4.3, a truncation of 20 clusters, resulted
in 10 "large" clusters sized from 67 to 153 volumes and 10 "small" clusters with
maximally 6 samples. Mean cluster artifacts of the large clusters are presented in
the left part of Figure 4.3, whereas cluster membership is presented on the right of
this figure. The extra two graphs at the bottom right represent the superposition of
all small clusters and the fMRI motion parameters, respectively. Cluster membership
functions are presented in such order that their quasi-regular pattern is best recognizable. It appears that the same cluster membership repeats itself after ca. 86 scans, or
215 s. The regularity of this pattern is not perfect because the number of artifacts per
cluster is not constant. Furthermore, the pattern is interrupted by the small clusters
corresponding to epochs of relatively large motion. Similar quasi-regular patterns of
membership functions were also found in other EEG-fMRI data sets recorded with the
same EEG sampling frequency.
Figure 4.4a shows a comparison of the EEG processed with the gradient clustering
method (bottom figure) and the volume/slice correction method of Gonçalves et al.
(2007) (top figure). The epoch and channels shown in this example were chosen such
that the differences between both methods are clearly visible. No band-pass filtering
was applied to the raw EEG. It appears that the clustering method better removes
the slice artifacts and high frequency artifacts at the onset and end of the epoch.
Figure 4.4b presents the averaged power spectra of all EEG data sets recorded on the
3 T scanner. The black curve corresponds the volume-slice correction of Gonçalves
et al. (2007), and the gray curve to the clustering method. For frequencies up to
40 Hz there is hardly a difference. The new method on average better removes the
slice artifacts and the high frequency noise.
To further demonstrate the principal advantages of volume clustering, EEG was
recorded at a sample frequency of 256 Hz during fMRI scanning in a session of 25 min.
Using similar procedures as in Figure 4.3 and 4.4, five “large” clusters were obtained
of approximately the same size and four ”small” ones (Figure 4.5). Figure 4.5b
shows the EEG after gradient removal based on gradient clustering. EEG data were
bandpass filtered between 1 and 50 Hz.

4.3.2

Pulse artifacts

The same data set as used in Figure 4.3 was used to illustrate the impact of overlapping heart beat artifacts. After gradient correction, the data were low-pass filtered at
166.7 Hz and down sampled to 400 Hz. Spatiotemporal clustering of pulse artifacts
resulted in L = 4 clearly distinct clusters. The choice for this number of clusters is
supported by the dendrogram plotted in Figure 4.6. For each artifact a maximum
time window of 3.6 s was assumed, corresponding to K = 1441 samples. The resulting system matrix B T B (equation (4.10)) is sparse (13 % fill-in) and blocked Toepliz
(e.g. Press et al. 2007) (Figure 4.6a). Figure 4.6b shows the estimated artifacts as
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Figure 4.3: Clustering of the gradient artifacts results in ten main clusters with mutually
different spatiotemporal patterns. On the left, butterfly plots of the cluster mean artifacts are
shown and on the left the occurrences of these artifacts in the data set are shown. Clustering
also yielded ten "small" clusters that appear to correspond to epochs of relatively large motion.
The top red graph at the right represents the union of all these small clusters. The bottom red
graph represents the summed motion parameters.

butterfly plots, cut off at centered time windows of 2 s. The red curves represent the
artifact’s envelopes.
In this data set the median heart beat interval amounts to 0.75 s, indicating that
the artifact overlap problem is substantial. In Figure 4.7a a typical example is shown,
where two correction methods are compared in the time domain. The red vertical
lines indicate the heart beat events extracted from the co-registered ECG. In one
variant the overlap is ignored (gray traces) and in the other variant it is accounted for
(black traces). Ignoring the overlap of pulse artifacts leaves small residual artifacts
that are reminiscent of epileptic spikes. Figure 4.7b shows in black a histogram of
all voltages in the data set corrected with the overlap method. In gray the histogram
of the differences between both correction methods is shown. One observes that the
difference between both correction methods is quite substantial, about one third the
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(a)

(b)
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Figure 4.4: Example of gradient artifact correction. (a) shows the corrected EEG using either
the previous time shift correction (upper plot) or the proposed gradient clustering algorithm
(lower plot). EEG was recorded with a sampling frequency of 2048 Hz. In both cases no low
pass filtering was applied. (b) shows the power spectra of all corrected data sets recorded
on the 3 T scanner. The black curve corresponds to the time-shift correction method and the
gray curve corresponds to the gradient clustering approach. It appears that volume clustering
better eliminates high frequency characteristics of the gradient artifacts.

amplitude of the original. Other data sets, where similar comparisons were made,
showed comparable results.
To generalize the insights into the pulse artifact characteristics, the maximum of
the envelopes was determined for each pulse cluster of each data set. The width of
each pulse cluster was characterized by the time difference between the first and last
sample that passed the 15 µV threshold. This fixed level was preferred over the fullwidth half maximum because of the systematic higher maxima in the 3 T recordings.
Figure 4.8 presents two scatter plots of the pulse artifact maxima and widths, for
the 1.5 T and the 3 T data sets. In these plots, all pulse artifacts corresponding to
the same data set are represented by the same symbol and color. A large variability
in duration and amplitude is present, and the intra data set variability of artifacts
seems smaller than the inter data set variability. For this definition of artifact width,
the width exceeds the heart beat interval in 22 % of the cases for the 1.5 T data and
in 30 % of the cases for the 3 T data. Within the 1.5 T data sets as well as within the
3 T data sets, there is a positive correlation between artifact amplitude and artifact
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(a)

(b)

600 scans

TR = 2.5 s

Figure 4.5: Twentyfive minutes of EEG data sampled with 256 Hz and recorded during
fMRI scanning were analyzed using the gradient clustering method. (a) shows the cluster
memberships, where the four small clusters were combined and printed in black. (b) shows a
few channels of the corrected EEG.

(a)

(b)

(c)

2s

Figure 4.6: The clustering of the pulse artifacts is based on visual inspection supported by a
visual representation of the dendrogram (a). In this example, the pulse artifacts were split into
four groups. The last split yielded a small cluster with 60 elements (the third in (c)) with a
clearly deviating pattern. Continuing splitting would cut the first cluster into two parts. Since
visual inspection of these parts did not yield clearly distinct patterns splitting was truncated
at level 4 (red line in the dendrogram). (b) shows a representation of the system matrix B T B.
Zeroes are represented in black and brightness represents deviation from zero. The four by
four blocks correspond to the four pulse clusters and their overlapping interactions. (c) shows
the resulting pulse artifact templates as butterfly plots. The red traces are the automatically
computed envelopes.
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Figure 4.7: (a) shows the corrected EEG of one of the data sets, where pulse correction is
applied with (black traces) and without accounting for overlap (gray traces). The red vertical
lines indicate the heart beat events. (b) show two histograms of the complete EEG data set. In
black the histogram of all samples is shown for the corrected data using the overlap-algorithm
and in gray the histogram of the difference between both correction methods is shown.

duration. As expected, pulse artifacts at 3 T are larger in amplitude than at 1.5 T.
The 15 µV-level is a somewhat arbitrary threshold to determine artifact duration
and therefore we also determined the fractions of pulse artifacts that exceed the
heart beat interval for other thresholds. Figure 4.9 shows the results. Remarkably, at
higher thresholds, the artifact durations are shorter at 3 T than at 1.5 T. Apparently,
pulse artifacts are more “spiky” at 3 T than at 1.5 T
Finally, we also determined the median heart beat intervals for each sequence of
pulse artifacts belonging to the same cluster. Figure 4.10 presents scatter plots for
the 1.5 T and the 3 T data sets, of the heart beat intervals and the pulse maximum,
with color-coding similar to Figure 4.8. For the 1.5 T data there seems to be a slight
negative correlation (p < 0.01) between heart beat intervals and peak amplitude.
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Peak amplitude (µV)
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Figure 4.8: For all pulse clusters in all data sets envelopes were determined. Here the
amplitudes are plotted against artifact widths at 15 µV. The same symbols and colors are
given to pulse artifacts corresponding to the same data set. The left graph presents the results
for the data sets recorded on the 1.5 T scanner and the right graph presents results for data
recorded on the 3 T scanner.
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Figure 4.9: The fraction of pulse artifacts of which duration exceeds the embedded heartbeat
interval is plotted as function of the voltage level by which the duration is defined.
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3 T scanner
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Figure 4.10: For all pulse clusters in all data sets envelops were determined. Here the
amplitudes µV are plotted against the heart beat interval [s]. Color-coding is the same as in
Figure 4.8. The left graph presents the results for the data sets recorded on the 1.5 T scanner
and the right graph presents results for data recorded on the 3 T scanner.

4.4

Discussion

The use of combined EEG-fMRI for presurgical evaluation in patients with epilepsy
typically requires recording sessions with minimum duration of 45 min such that
the chances to catch a sufficient number of interictal spikes are acceptable. EEG-fMRI
data acquisition with these patients is very labor intensive and it is preferable to use
all available means to clean the EEG data instead of repeating the whole recordings
session because of technical imperfections during the data acquisition. Therefore, in
practice different methods are used in parallel and annotation of the EEG is based
on that particular variant of artifact removal that is most effective for a particular
data set. The here proposed methods are novel additional tools for gradient artifact
removal and pulse artifact suppression.
Particularly for higher EEG frequencies, gradient clustering is shown to outperform the previous subtraction algorithm (Gonçalves et al. 2007). This method is
especially important for EEG systems that are not exactly time-locked to the MR scanner. Gradient clustering also appears to be helpful in the semi-automatic detection of
extreme outliers in the data. Therefore, the proposed clustering approach could be
helpful for these time-locked systems as well. Furthermore, we note that although
the main EEG phenomena are present in the frequency range of 1 to 50 Hz, there are
a few interesting phenomena, like somatosensory evoked responses (Freyer et al.
2009) and epileptic high frequency oscillations (e.g. Zijlmans et al. 2012) that are
potentially of great interest to study during fMRI scanning.

4.4. Discussion

65

Although Figure 4.3 suggests that there is a high level of predictability regarding
the optimal subgrouping of gradient artifacts, it should be noted that the regular
pattern of cluster membership is a retrospective finding. To predict such a regular
pattern, very accurate knowledge of the EEG sampling frequency and the TR of the
fMRI protocol are required. It appears from Figure 4.3 that cluster membership
repeats itself with a period of about 86 scans. Using some hand waving arguments,
one might conclude that if Nδ − TR = ε (where δ is the EEG sampling time, ε is
a small round-off time and N is an integer making ε as small as possible), that
δ
ε = 86
= 5.7 µs. In other words, this small remainder would result in one extra EEG
sample every 86 scans. Note that this estimate is rather consistent with the position
of the first and last volume trigger (occurring at sample 427546 and 5926439 in the
raw data, respectively), because these markers span 1074 volumes, resulting in a
corrected volume time of 5.5 µs. However, if the combination of TR and δ would be
such that the ε-correction would be close to 0.5δ instead of close to zero, the cluster
repetition pattern would be very different than in Figure 4.3. Figure 4.5, for example,
where the EEG was recorded at 256 Hz, shows a more complicated clustering pattern
in which no clear cluster repetition time is visible.
The precise mechanism by which pulse artifacts are generated is not known.
Therefore, removal of these artifacts is necessarily based on data-driven techniques
without a strong physiological basis. The underlying model proposed in this study
to disentangle overlapping heart beats of different spatiotemporal characteristics
can be interpreted as a simple linear time invariant filter, with multiple inputs
consisting of the heartbeats classified in different subtypes. In this context, the four
time functions presented in Figure 4.6 can be interpreted as four impulse response
functions for each input. The concept of linear time invariant filters does not set
time limits on the duration of the impulse response and from our data they appear
to be larger than the heart beat interval. However, as presented here, the impulse
responses are noncausal (non-zero for negative times), which is related to the fact
that the heart beat triggers nl,j were shifted to maximum appearance in the EEG.
Therefore, the observed noncausality implies that the causes of pulse artifacts occur
some time before the times at which the pulse artifacts reach their maxima.
The comparison of the pulse artifacts for 1.5 and 3 T scanners presented in Figures
4.7, 4.8, and 4.9 may contribute to the further understanding of the pulse artifacts
generation mechanism. Figure 4.7 confirms earlier findings that pulse artifacts are
larger in amplitude at higher field strength, and when thresholded at 15 µV, their
duration is longer. However, Figure 4.9 shows that when thresholded at higher
levels, artifact duration is longer at lower field strength, implying that at higher field
strength pulse artifacts are generally more steep. In addition, from Figure 4.10 it
appears that at 1.5 T there seems to be a small negative correlation between heart
beat interval and peak amplitude of the pulse artifact, for which we also have no
explanation yet. This correlation was not found at 3 T.
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Figure 4.8 clearly demonstrates that pulse artifact shapes vary not only substantially between subjects, but also within the data of one subject. Inspection of the
occurrences of these artifacts shows that artifacts of different clusters follow up
in an irregular order, demonstrating the need for clustering methods to create a
template and suppress the artifacts. Methods based on adaptive filtering (e.g. Allen
et al. 1998; Vincent et al. 2007) implicitly assume some degree of similarity between
subsequent artifacts. More importantly, Figure 4.9 also shows that, at a level of 25 µV,
the durations of these artifacts are larger than the heart beat interval in 3 % of the
cases (3 T data). If a data set contains 1500 heart beats, this figure would imply the
occurrence of 45 events in the EEG signal is disturbed by 25 µV or more. In the case
of the 1.5 T data the number of such events would even be larger. These numbers
illustrate that, in particular for applications in epilepsy, methods that disentangle
interferences of artifacts, such as proposed in this paper, are strongly needed.
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