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Abstract

The concurrent recording of the electroencephalogram (EEG) with functional mag-
netic resonance imaging (fMRI) allows the simultaneous study of the electrophysiol-
ogy, the blood oxygen level dependent signal, and particularly also their interplay.
However, the EEG is affected by a large number of fMRI-related, partly repetitive,
artifacts. Average artifact subtraction (AAS) – the most frequently used artifact re-
duction technique – computes artifact templates from artifact repetitions and sub-
tracts them from the EEG. This effectively reduces repetitive, invariant artifacts, but
serious artifact residuals remain. Therefore, this thesis pursued two objectives: analy-
sis of the artifact residuals and development of a new technique for the reduction of
the residuals.

The  inherent  variability  of  artifacts  is  known  to  cause  residuals  after  the  AAS
method, because the subtraction template does not fit the actual artifact. In this the-
sis, an additional cause of artifact residuals was identified. An intrinsic vulnerability
of the AAS technique to correlated artifacts leads to artifact contaminated subtraction
templates and consequently to artifact residuals in the EEG. The new artifact reduc-
tion technique uses recordings of artifact residuals from a reference-layer EEG cap
combined with adaptive filtering to remove the residuals from the EEG and is re-
ferred to as reference-layer adaptive filtering (RLAF). The RLAF method is highly
effective in offline and online application scenarios. It improves the signal-to-noise-
ratio as well as the classification accuracy of physiological EEG components sub-
stantially. The RLAF technique’s ability to reduce all kinds of artifact residuals – in-
cluding non-stationary and varying components – in combination with its easy han-
dling, makes it a candidate for a future gold standard method.
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Kurzfassung

Die  simultane  Aufzeichnung  des  Elektroenzephalograms  (EEG)  mit  funktioneller
Magnetresonanztomographie  (fMRT)  ermöglicht  eine  gleichzeitige  Untersuchung
der Elektrophysiologie,  des  blutsauerstoffabhängigen Signals und vor allem deren
Zusammenspiel.  Allerdings  ist  das  EEG  von  einer  Vielzahl  von  teilweise  sich
wiederholenden, fMRT-bezogenen Artefakten betroffen. Average Artifact Subtraction
(AAS) – die am häufigsten verwendete Technik zur Artefaktreduktion –  berechnet
Artefaktvorlagen aus Artefaktwiederholungen und subtrahiert sie vom EEG. Diese
Methode  reduziert  repetitive,  invariante  Artefakte  effektiv,  aber  es  bleiben
gravierende  Artefaktreste  zurück.  Diese  Arbeit  verfolgte  daher  zwei  Ziele:  Die
Analyse der Artefaktreste und die Entwicklung einer neuen Technik zur Reduktion
der Artefaktresiduen.

Die inhärente Variabilität von Artefakten ist bekannt Artefaktresiduen nach der AAS-
Methode  zu  verursachen,  da  die  Subtraktionsschablone  nicht  zum  eigentlichen
Artefakt  passt.  In  dieser  Arbeit  wurde  eine  zusätzliche  Ursache  für  Artefaktreste
identifiziert. Eine intrinsische Anfälligkeit der AAS-Technik gegenüber korrelierten
Artefakten  führt  zu  artefaktkontaminierten  Subtraktionsvorlagen  und  damit  zu
Artefaktresiduen im EEG. Die neue Artefaktreduktionstechnik verwendet Messungen
der  Artefaktreste  aus  einer  Referenzschicht  EEG Kappe kombiniert  mit  adaptiver
Filterung,  um  die  Artefaktresiduen  aus  dem  EEG  zu  entfernen  und  wird  als
Reference-Layer  Adaptive  Filtering  (RLAF)  bezeichnet.  Die  RLAF-Methode  ist
sowohl in Offline- und als auch in Online-Anwendungsszenarien sehr effektiv. Das
Signal-Rausch-Verhältnis sowie die Klassifikationsgenauigkeit der physiologischen
EEG-Komponenten  werden  deutlich  verbessert.  Die  Fähigkeit,  alle  Arten  von
Rückständen – auch nicht stationäre und variable Komponenten – zu reduzieren, in
Kombination mit seiner einfachen Handhabung, macht die RLAF-Technik zu einem
Kandidaten für eine zukünftige Goldstandard-Methode.
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Introduction

1 Introduction

“Everything  we  do,  every  thought  we’ve  ever  had,  is
produced by the human brain.  But exactly how it  operates
remains one of the biggest unsolved mysteries, and it seems
the more we probe its secrets, the more surprises we find.”

– Neil de Grasse Tyson
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Introduction

1.1 The challenge of understanding the human brain

The brain is a fascinating organ. It serves as the center of the nervous system in most
higher developed animals as well as in humans. It is capable of generating sophisti-
cated purposeful control signals that allow quick and coordinated reactions to com-
plex stimuli, even in situations never experienced before. This reactions are com-
monly summarized under the term behavior (Vargas 2015). However, the brain is not
limited to reactions. The brain stores the outcomes of its behavior in order to gener-
ate models of stimuli-behavior-outcomes experiences. With that models, the brain an-
ticipates possible outcomes and actively adapts its behavior to achieve desired out-
comes. At the same time, the brain adapts the models that are used for this prediction.
This adaptations to anticipated outcomes lead to non-causal behavior, since the be-
havior is influenced by outcomes that never take place (vonGlasersfeld 1995).

The complex non-causal behavior of humans is very hard to probe. To allow any in-
vestigations, scientists often divide behavior into individual cognitive tasks, for in-
stance visual recognition, action selection, or motor control. Neuroscience is the dis-
cipline that studies the brain on various levels to understand how the brain process
cognitive tasks  (Kandel 2013).  The ultimate goal  of  neuroscience is  to develop a
comprehensive understanding of the human brain that encompasses all facets of hu-
man behavior. Although neuroscience has made considerable progress in many direc-
tions  in  recent  decades,  this  goal  has  not  yet  been achieved (Adolphs 2015,  Lis-
man 2015).

The incredible complexity of the human brain poses a serious obstacle to this goal
(DeFelipe 2015). The human brain consists of approximately 1.9-2.6×1010 neocorti-
cal neurons and 2.8-3.9×1010 glial cells (Pakkenberg 2001, Pelvig 2008). Every neo-
cortical neuron forms a large number of synapses to contact other neurons. On aver-
age, the human brain has approximately 1.64×1014 synapses (Tang 2001). For com-
parison, our galaxy – the milky way – consists of approximately 1×1012 stars only
(Odenwald 2017). Due to this tremendous complexity, it is nowadays impossible to
measure every single brain cell activity and to construct a model that includes all of
these activities. However, it is possible to measure the activity of a very limited num-
ber of neurons or to measure the aggregated activity of brain areas by applying func-
tional neuroimaging techniques (Raichle 1998, Shibasaki 2008).

Consequently, the challenge is to understand an incredibly complex organ that ex-
hibits non-causal cognitive functions while only very limited information about its
activity is accessible.
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1.2 Functional neuroimaging

First theories about how the human brain processes tasks were developed through
studies of the brain’s anatomy or in particular, through studies of anatomical abnor-
malities of the brain. It was found that the same brain lesions can lead to the same
cognitive deficits, for instance lesions in a certain brain area – the Broca’s area –
were associated with a loss of the speech ability (Dronkers 2007).

One step further  was to probe the active human brain.  The term functional  neu-
roimaging refers to  a  wide range of  techniques that  image the activity of  human
brains in vivo (Cabeza 2001). Functional neuroimaging research started more than
130 years ago. It is assumed that Angelo Mosso, a versatile Italian researcher, was
the first who developed a functional neuroimaging technique (Sandrone 2014). He
invented the plethysmograph, a device that measures cerebral blood flow variations
by capturing brain pulsations in volunteers with skull defects (Cabeza 2001). He ob-
served that these pulsations increased regionally during cognitive tasks and he for-
mulated the idea that a cognitive task can locally change the blood flow in the brain
(Raichle 1998).

Nowadays, this relationship is referred to as neurovascular coupling (Girouard 2006).
Cognitive tasks are processed by neurons and the processing requires energy. Differ-
ent cognitive tasks require different processing and, thus, consume different amounts
of energy. Therefore, the brain must adapt its local energy supply to the cognitive
task. One parameter that is controlled to achieve the adaptation of the supply is the
local cerebral blood flow (Kandel 2013, Iadecola 2017). Although the existence of
the  blood  flow  adaptation  is  not  doubted,  its  cellular  basis  is  largely  unclear
(Raichle 1998). The local blood flow adaptation serves as basis for a group of neu-
roimaging techniques, with functional magnetic resonance imaging (fMRI) being the
most  popular  representative  (Ogawa 1990,  Raichle 1998,  Norris 2006,  Otte 2006,
Shibasaki 2008). The fMRI concept builds on the shift in relative blood oxygenation
due to the blood flow adaptation. A higher blood flow comes along with a higher rel-
ative oxygenation of the blood (Figure 1.1). Generally, MRI use a strong static mag-
netic field to align nuclei in the tissue of interested that show a magnetic moment
(e.g. Hydrogen atoms). Two dynamic magnetic fields – the gradient field and the ra-
dio frequency (RF) field – are used to spatially locate nuclei and to temporary disturb
the alignment of the nuclei. After removing the RF field, the nuclei realign because
of the static magnetic field. The duration of realignment is depending on the tissue
that surrounds the nuclei and can be used to compute a picture of the tissue (Huet-
tel 2004). It was found that blood exhibits different magnetic properties depending
on its oxygenation state. Oxygenated blood is diamagnetic (repelled by a magnetic
field) and deoxygenated blood is paramagnetic (attracted by a magnetic field). The
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duration of nuclei realignment is therefore also depending on the local relative blood
oxygenation as the diamagnetic blood interferes less with the MR signal. Removing
the tissue related MRI signal leads to a blood-oxygenation-level-dependent  (BOLD)
signal  (Figure 1.1), i.e. a signal that reflects neural  activity via the mechanism of
neurovascular coupling (Ogawa 1990, Huettel 2004). 

Another important non-invasive neuroimaging technique that bases on neurovascular
coupling is functional near infrared spectroscopy (Joebsis 1977, Ferrari 2012). This
technique makes use of differences in light dispersion between oxygenated and de-
oxygenated blood to measure a neural activity related signal (Shin 2016).

A second group of neuroimaging techniques directly  utilize the change in energy
consumption to image brain activity (Otte 2006). One popular example of that group
is  positron  emission  tomography  (PET)  (Reivich 1979,  Otte 2006).  PET uses  ra-
dioactively labeled glucose to trace changes in glucose consumption. This changes in
energy  consumption  are  directly  related to  brain  activity,  as  glucose  is  the  main
source of energy in neurons (Reivich 1979).

The neurovascular coupling based methods as well as the energy consumption based
techniques  rely  on  indirect  measurements  of  brain  activity,  since  they  measure
changes in the metabolism.  The actual processing of a cognitive tasks, however, is
performed electro-chemically by neurons (Kandel 2013). The direct measurement of
electrical potentials serves as basis for another group of neuroimaging techniques.
These techniques measure the electrical potentials at different levels with a high tem-
poral resolution. Micro-electrode arrays with many small pin electrodes on an area of
approximately 3×3 mm² are used to record action potentials as well as local extracel-
lular potential changes directly in the brain tissue at neuron level (Cheung 2007). In
electrocorticography, electrodes are placed one level above, on the exposed surface
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of the brain or on top of the dura. This technique measures the aggregated electrical
activity of a brain area of approximately 4×4 mm² per electrode  (Miller 2007). Fi-
nally, electroencephalography (EEG) captures electrical potentials non-invasivly at
scalp level (Niedermeyer 2005). The electro-chemical activity of neurons generates
ionic membrane currents. The membrane currents in turn cause local extracellular
potential changes in the brain tissue. The superposition of the potentials is termed lo-
cal field potential. The local field potentials finally form the scalp potentials mea-
sured by the EEG (Buzsáki 2012). However, the local field potentials cannot be mea-
sured directly, only a modified version of the local field potentials propagates to the
scalp level (Buzsáki 2012). The modification has at least two causes: firstly, the elec-
tric field decays with the square of the distance. Therefore, the local field potentials
are subject to substantial attenuation until they reach the electrodes at the scalp; sec-
ondly,  volume conduction of  the heads tissues  (brain,  cerebral  fluid,  skull,  scalp)
cause spatial smoothing over an area of some cm² (Buzsáki 2012). Due to the attenu-
ation and smoothing, only synchronous and spatially aligned local field potentials,
meaning electrical brain activity that sum up over brain areas, can be measured at
scalp level. One prominent example is the visual alpha rhythm at 8-12 Hz that occur
over the occipital brain areas (Niedermeyer 2005). Synchronous and spatially aligned
local  field  potentials  are  mainly  caused by correlated synaptic  transmissions  that
form  neural  dipoles  in  parallel  –  spatially  aligned  –  pyramid  cells  (Figure 1.2)
(Buzsáki 2012, Einevoll 2013). Action potentials cause synaptic transmissions, but
information coded in action potential spike trains are not one-to-one equivalent to in-
formation in the local field potentials (Einevoll 2013). In fact, the connection from
action potentials via synaptic transmissions to local field potentials is not entirely un-
derstood yet. Ionic trans-membrane currents can be well described by models, how-
ever, influences like the feedback of local field potentials to the activity of surround-
ing cells and also random effects as synaptic transport failure limit our understanding
of that connection (Hodgkin 1952, Goldman 2004, Einevoll 2013). In short, action
potentials of afferent fibers in the cortex can cause synaptic transmissions and as a
consequence local field potentials. If the local field potentials occur synchronously
and spatially aligned, as it is the case with the dipole potentials at pyramid cells, then
the sum of the local field potentials is strong enough to be measured at the scalp
level. The occurring scalp potentials are referred to as EEG (Niedermeyer 2005). Ini-
tially the spatial resolution of the EEG is low, since each sensor measure the aggre-
gated brain activity of some cm². However, the resolution can be improved signifi-
cantly through the application of source imaging techniques (Michel 2004, He 2011,
Michel 2012). 

It is also possible to directly measure the magnetic fields of the electrical brain activ-
ity  at  scalp  level.  This  method  is  named  magnetoencephalography
(Williamson 1991).  Magnetoencephalography uses superconducting quantum inter-
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ference sensors to directly measure the very small (101-103 fT) magnetic fields that
are generated by the electrical brain activity. To determine the source of the electric
field in the brain it is necessary to solve the inverse problem (Salmelin 2009).

In a nutshell, functional neuroimaging techniques are essential in neuroscience to de-
velop a better understanding of how the brain process tasks, because they allow to
study the relationships between cognitive tasks and the related activities in certain
brain areas, but also to study intrinsic variations in brain activities. A variety of neu-
roimaging techniques based on different physiological parameters are available.

1.3 Multimodal neuroimaging

Many achievements in neuroscience of recent decades were driven by advances in
functional neuroimaging techniques (Filler 2009). However, one can not expect to
fully understand the function of a complex system such as the human brain by inves-
tigating changes in a single physiological parameter. Therefore, it has been proposed
to probe cognitive tasks with different functional neuroimaging techniques and inte-

Figure 1.2: Sketch of EEG sources. I-IV mark the cortical layers. Cortical layer
5 and 6 pyramidal cells are depicted in green. The spatial and temporal den-
tritic integration leads to the formation of electrical dipoles. If many pyramidal
neurons receive synchronous basal or apical synaptic transmissions, then the
resulting electrical field propagates over large distances and is even detectable
at the scalp where it is referred to as EEG (Steyrl 2016a).
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grate  the  information  into  a  comprehensive  picture  of  the  human  brain  activity
(Mulert 2010, Uludag 2014). Each technique adds its unique view to the overall pic-
ture. For instance, functional neuroimaging techniques have different temporal and
spatial resolutions (Figure 1.3). Hence, a technique with a high temporal resolution is
necessary to track fast, transient brain activities, while a technique with a high spatial
resolution is necessary to locate these activities.

Multimodal functional neuroimaging can be realized by a separate or a simultaneous
application of two or more neuroimaging techniques (Uludag 2014). Separate means
that one neuroimaging technique is used during one experiment and later, another
neuroimaging technique is used during a second experiment. Often the paradigms of
the two experiments are the same. Simultaneous means that the neuroimaging tech-
niques are applied concurrently during one experiment. It depends on the research
question and the data analysis techniques, whether the one or the other approach is
appropriate. For instance, if it can be assumed that the brain activities of interest are
stereotypical to a cognitive task and that movements of the study participants be-
tween two experiments have no influence, then a separate application of the neu-
roimaging techniques is sufficient. However, if the brain activity is transient and will
not reoccur, for instance due to surprising effects in the experimental paradigm, then
a simultaneous application of neuroimaging techniques is required (Debener 2005).

Multimodal neuroimaging requires methods to fuse the data of the different  tech-
niques into one common analysis. The challenge of the common analysis is that each
neuroimaging technique acquires data in its own recording space (Uludag 2014). For
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example, one technique records a time-series of data per volume and the other collect
a time-series of data per surface position. In this example, the recording spaces differ
in the spatial dimension (volume vs. surface), but generally they can differ in any di-
mension and often they differ in more than one. Therefore, various approaches have
been developed to fuse the data at different levels of abstraction. Accordingly, some
methods work at pure data level,  others  work at highly abstracted levels such as
classes of performed cognitive tasks. The various approaches of data fusion methods
and their selection have been the subject of books, review papers, and special issues
in  journals  (Mulert 2010,  Uludag 2014,  Ritter 2006,  Rosa 2010,  Biessmann 2011,
Huster 2012, Calhoun 2014, Dahne 2015, Abreu 2018). It is again the research ques-
tion that determines the appropriate method.

Multimodal functional neuroimaging commonly involves two different techniques,
particularly  when  they  are  applied  simultaneously  (Calhoun 2014).  However,  re-
cently simultaneous trimodal neuroimaging results were published (Shah 2017, Ra-
jkumar 2017). In theory, all combinations of functional neuroimaging techniques are
possible and also the technical feasibility was demonstrated for many combinations
(Ives 1993, Kleinschmidt 1996, Zotev 2008, Sadato 1998, Catana 2008, Hoshi 1994).
However, some combinations of functional neuroimaging techniques are more ad-
vantageous  than  others.  In  particular,  combinations  that  fuse  neuroimaging  tech-
niques with different characteristics are favorable, because then one technique com-
pensates disadvantages of the other and vice versa. Furthermore, such combinations
avoid redundancy effects. This advantageous combinations proved their usefulness in
numerous research and clinical applications (Krakow 1999, Moosmann 2003, Niess-
ing 2005, Debener 2006, Gotman 2006, Hamandi 2006,  deMuck 2007, Tiege 2007,
Fazli 2012,  Moeller 2013,  Mulert 2013,  Baumeister 2014,  Kay 2014,  Liu 2015,
OHalloran 2016, Case 2017, Hahn 2017, Mano 2017, Nemtsas 2017, Perronnet 2017,
Rausch 2017, Tarantino 2017).

In essence, multimodal functional neuroimaging integrates the information of two or
more neuroimaging techniques to generate a comprehensive picture of brain activity
related to cognitive tasks. The combination of neuroimaging techniques with differ-
ent characteristics is beneficial to compensate weaknesses of techniques and to avoid
redundancy effects.

1.4 Simultaneous EEG-fMRI

A successful multimodal functional neuroimaging technique is simultaneous EEG-
fMRI,  thus,  the  concurrent  application  of  electroencephalography  and  functional
magnetic resonance imaging (Mulert 2010, Laufs 2012). This combination is advan-
tageous because the two techniques have very different characteristics. Firstly, they
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differ in terms of the captured physiological parameter. The EEG measures electrical
potentials at the scalp which represent summations in time and space of the electrical
brain activity, whereas fMRI captures blood-oxygenation-level-dependent signals in
the brain that are correlated with brain activity due to the cardiovascular coupling
(Niedermeyer 2005, Ogawa 1990). Therefore, simultaneous EEG-fMRI allows com-
prehensive studies of the same brain activity from the electrophysiological and from
the metabolic/vascular point of view, including the electrophysiological metabolic/
vascular  interaction (Uludag 2014,  Ritter 2006).  Secondly,  they differ  in  terms of
their time resolution. The EEG has a time resolution of ~1 ms, in contrast, the time
resolution of fMRI is ~1 s (Horwitz 2002, Grova 2008, Michel 2012). Thirdly, EEG
and fMRI also differ in terms of their spatial resolution. The raw spatial resolution of
the EEG is limited to ~2 cm because of the volume conduction of tissue, whereas
fMRI has a spatial resolution of ~2 mm (Grova 2008, Michel 2012). The combina-
tion of the two techniques – simultaneous EEG-fMRI – allows to investigate the tem-
poral dynamics of brain activity through the EEG with a high temporal resolution,
while fMRI can be used to locate the brain activity with a high spatial resolution.

The history of simultaneous EEG-fMRI started in the early nineties in epilepsy re-
search with the problem of locating transient epileptic brain activity (Ives 1993). Pa-
tients with severe focal epilepsy have the option of having their epileptic brain zones
removed, if no more pharmacological options are available (Grova 2008). For this
purpose, it is important to determine the exact location of the epileptic zone. Unfortu-
nately,  an  application  of  neuroimaging  techniques  during  an  epileptic  seizure  is
hardly possible due to the occurring motions. However, epileptic spikes can occur
also between seizures without producing clinical signs. This spikes are referred to as
interictal spikes (Grova 2008). Interictal spikes are in general unpredictable, they can
not  be  reliably  induced  by  external  stimuli,  and  they  are  relatively  short-lived
(Laufs 2012). Hence, it is necessary to detect their occurrence with a neuroimaging
technique. The EEG is perfectly suited for the detection due to its high temporal res-
olution. However, the low spatial resolution of the EEG limits its ability to locate the
epileptic zone (Grova 2008, Michel 2012). On the other hand, fMRI offers a high
spatial resolution that allows to precisely locate the epileptic zone, but its temporal
resolution is too low to determine the occurrence of interictal spikes (Horwitz 2002,
Grova 2008). Simultaneous EEG-fMRI was introduced to close that gap (Ives 1993).
After the successful demonstration of the feasibility of safe simultaneous EEG-fMRI
by John Ives, Steve Warach and Franz Schmitt in 1992, it took almost 10 years until
commercial systems became available, e.g. the “Opti-Link” system from Neuro Scan
Labs (Charlotte, NC, U.S.A.), or the “BrainAmp MR” system from Brainproducts
(Munich, Germany) (Ives 1993, Laufs 2012). Nowadays, simultaneous EEG-fMRI is
applied to investigate a wide range of neuroscientific questions. Selected applications
are presented below.
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Simultaneous EEG-fMRI and epilepsy research

Simultaneous EEG-fMRI has been applied to patient groups – including children –
with different epilepsy types in order to provide useful clinical information on the lo-
cation of seizure onset zones during pre-surgical evaluations (Rosenow 2001). Feasi-
bility  studies  (Gotman 2006,  Hamandi 2004,  Lemieux 2004,  Salek-Haddadi 2002,
Stern 2006)  and  studies  that  investigated  cohorts  of  patients  (Al-Asmi 2003,
Krakow 1999, Patel 1999, Salek-Haddadi 2006) led to the conclusion that interictal
spike  correlated  BOLD  signals  do  not  reliably  and  always  reflect  the  epileptic
sources (Laufs 2007). It seems that interictal spike correlated BOLD signals often re-
flect  the  propagation  of  epileptic  spikes  rather  than  their  source  (DeTiege 2007,
Hamandi 2008,  LeVan 2010).  This  is  plausible,  since the propagation of interictal
spikes takes up to a few seconds and that is the same time scale as the time resolution
of fMRI (Gotz-Trabert 2008, Laufs 2012). Other studies showed however, that simul-
taneous EEG-fMRI adds important information in pre-surgical evaluations when im-
proved analysis methods are used (Rosenkranz 2010, Thornton 2010, Zijlmans 2007,
vanGraan 2015, Bagarinao 2018). Nowadays, advanced epilepsy centers regularly in-
clude  simultaneous  EEG-fMRI  results  in  their  pre-surgical  evaluations  (van-
Graan 2015).

Simultaneous EEG-fMRI and oscillatory EEG activity

In 1929, Hans Berger discovered that the EEG amplitude of occipital electrode posi-
tions changes inversely with opened and closed eyes (Berger 1929). The changes oc-
cur  primarily  in  a  narrow  frequency  range  of  8-12 Hz.  This  specific  amplitude
change is referred to as the alpha rhythm (Niedermeyer 2005). Studies have shown
that this rhythm is also present in other brain regions and that it reflects the idle state
of  a  region  (Pfurtscheller 1999,  Niedermeyer 2005).  The  correlation  of  the  alpha
rhythm with the fMRI BOLD signal was among the first issues outside the epilepsy
field  that  was  investigated  with  simultaneous  EEG-fMRI  (Goldman 2002,
Laufs 2003, Moosmann 2003). The initial results are ambiguous and partly contra-
dictory, because both positive and negative correlations of the alpha rhythm ampli-
tude with BOLD signals were found. Drowsiness and attention of the study partici-
pants, but also individual behavior were identified to be factors that explain the am-
biguous  findings  (Kjaer 2002,  Laufs 2006,  deMuck 2008,  Difrancesco 2008,
Sadaghiani 2010).  Other  studies  investigated  the  effects  of  the  alpha  rhythm  on
evoked BOLD responses. It  was discovered that the alpha rhythm is a factor that
modulates  evoked  BOLD responses  (Becker 2011,  Mullinger 2017).  Interestingly,
this results provide evidence that the origin of the post-stimulus BOLD undershoot of
evoked BOLD responses is neural and not vascular, a topic that has been discussed
for  years  (Mullinger 2017).  Further  studies  investigated  the  correlations  of  other
EEG frequency ranges and phenomena, like the beta rhythm, the post movement beta
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event-related synchronization, and the low gamma rhythm with fMRI BOLD signals
(Parkes 2006,  Tyvaert 2008,  Pfurtscheller 1998,  Ritter 2009,  Scheeringa 2011,
Gompf 2017, Green 2017).  It  was shown that the gamma rhythm is linked to en-
hanced neural communication, while the alpha rhythm is related to functional inhibi-
tion,  supporting  previous  findings  that  were  based  on  EEG  research  only
(Pfurtscheller 2003, Niedermeyer 2005, Scheeringa 2011). Generally, task dependent
non-linear relationships were found between EEG rhythms and fMRI BOLD signals,
suggesting complex and not yet understood interactions (Gompf 2017).

Simultaneous EEG-fMRI and fMRI resting state networks

The discovery of resting state brain activity in fMRI data was controversial in the be-
ginning, but its existence is now widely accepted and a whole new field of research
has opened up (Biswal 1995, Biswal 2010, Biswal 2012). Resting state activity in the
fMRI is characterized by network like interactions between brain regions and thus,
the resting state activity is termed resting state networks. Several different networks
have been described over the past years. For instance, one network seems to be re-
sponsible for motor control (Biswal 2012). Also, the EEG shows activity when the
human brain is at rest and it is assumed that this activity has important roles, for in-
stance, in perception and again motor control (Pfurtscheller 1999, Engel 2001). In the
EEG, resting state activity is often characterized by rhythmic activity in the 8-13 Hz
range, for instance the alpha rhythm at occipital head positions or the sensory motor
rhythm’s at the motor cortex (Berger 1929, Pfurtscheller 1999). The study of the rela-
tionship between these two resting state characterizations is another research area
where  simultaneous  EEG-fMRI  is  applied.  Investigations  showed  correlations  of
fMRI resting state networks with EEG rhythms and their spatial distribution, but also
with  the  EEG-based  connectome  (Mantini 2007a,  Jann 2010,  Deligianni 2014,
Tsuchimoto 2017). The results supports the neuronal origin of the resting state net-
works and the assumption that EEG rhythms and their topographies are electrophysi-
ological signatures of distributed neuronal networks (Jann 2010). Abnormalities in
the  resting  state  networks  were  observed  in  several  diseases,  for  instance  in
Alzheimer’s disease patients. Therefore, the associations between the default mode
network  and  occipital  alpha  rhythm  power  was  investigated  in  early  stage
Alzheimer’s disease patients in comparison to healthy controls (Brueggen 2017). A
decrease in this correlation was found, pointing at a potential application of simulta-
neous EEG-fMRI in Alzheimer’s disease research (Brueggen 2017).

Simultaneous EEG-fMRI and brain-computer interface research

A brain-computer interface (BCI) is a devices that translate thought correlated brain
activities  into  commands  for  computers  and  other  devices  (Wolpaw 2002,  Mil-
lán 2010).  Hence,  BCIs bypass  the normal human neural  output  paths  and  allow

11



Introduction

users to perform actions by voluntarily modulated brain activity. In most non-inva-
sive BCIs, the EEG is utilized to capture brain activity, because the EEG has several
advantages in regard to BCI control. For instance, some brain activity changes are re-
flected quickly in the EEG which allows a relative low delay of around 1 s between
intention and command (Steyrl 2016b). Unfortunately, BCIs work unsatisfactory in
about one third of users (Blankertz 2010, Hammer 2012). Simultaneous EEG-fMRI
was applied to study the vascular aspects of  EEG-based BCI usage and different
groups of users where BCIs do not work satisfactorily were identified, suggesting
that the reliability problem of BCIs is multi-factorial (Zich 2015). Some researchers
expect BCIs to be more reliable if multimodal neuroimaging is used to capture brain
activity. The feasibility, a framework, and first results of such a new type of BCIs
that  rely  on  online  feedback  of  simultaneous  EEG-fMRI  were  demonstrated
(Zotev 2008, Mano 2017, Perronnet 2017).

In conclusion, with simultaneous EEG-fMRI it is possible to study the same brain ac-
tivities from the electrophysiological and from the metabolic/vascular point of view,
including the interactions between electrophysiology and metabolism. Simultaneous
EEG-fMRI is successfully applied in a variety of scientific research fields, but also in
the clinical routine.

1.5 Artifacts in simultaneous EEG-fMRI

Simultaneous EEG-fMRI is used in a variety of scientific fields; however, its actual
application is a challenge (He 2011). Beside safety of application, the main technical
challenge is the existence of a complex mutual interference between the EEG and
fMRI during their  simultaneous application. The interference causes a  substantial
loss of data quality in both techniques (Mulert 2010). The quality of fMRI-data is de-
graded, because the EEG recording hardware inside the MRI scanner bore interferes
with the static magnetic field, the gradient fields, and the radio frequency fields of
the MRI scanner (Bonmassar 2001, Mulert 2010, Luo 2012, Jorge 2015a). The inter-
ference  causes  field  inhomogeneities  and  field  signal  losses,  which  subsequently
leads to visible artifacts in the fMRI data. The actual quality loss depends on the head
region and varies between negligible and severe. Fortunately, the quality loss does
not prevent a  meaningful  analyses of the fMRI-data (Bonmassar 2001, Luo 2012,
Jorge 2015a). However, also the quality of the EEG-data is critically impaired due to
the interference with the MRI scanner environment (Mulert 2010, Mullinger 2011a).
The EEG is affected by a variety of artifact voltages that are induced into the EEG
measurement setup. The induction of a voltage in electrical circuits is mathematically
described by Faraday’s law of induction:
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ε = −
dΦB

dt
, (1)

where ε is the induced electromotive force and ΦB is the magnetic flux, that is given
by:

ΦB = ∬
Σ(t )

B(r ,t )⋅d A . (2)

In this equation,  dA stands for an element of the time dependent surface  Σ(t) and
B(r,t) stands for the space and time dependent magnetic field. Equation (1) and (2)
describe that the induced artifact voltage ε is proportional to the rate of change of the
magnetic flux  ΦB, which in turn is defined by the magnetic field  B(r,t) that passes
through the surface Σ(t). Hence, an artifact can be induced because of two principles.
Firstly, because of a change in the strength of a magnetic field B(r,t), and secondly,
because of a change of the surface enclosed by a wire loop Σ(t) (Yan 2010). The arti-
facts occurring are up to 1000 times larger than the EEG amplitudes and effectively
prevent any meaningful direct EEG-data analysis. Important artifacts are described
below.

The gradient artifact

An MRI scanner applies a sequence of electromagnetic fields to record signals of the
brain. The common type of sequence used for the recording of BOLD signals is echo
planar imaging (EPI). This sequence is usually repeated every 1.5 to 2.5 s to record a
time series of BOLD signals per voxel. During an EPI sequence, the gradient fields,
and the RF fields of the MRI scanner are switched on and off. Changing electromag-
netic fields cause electromotive force and consequently voltage in electrically con-
ducting materials, as described above in equation (1) and (2). The actual magnitude
and shape of the induced voltages depend on the EEG electrode’s position and orien-
tation,  the  cable  length and routing,  and on the slew rate  of  the electromagnetic
fields, thus, the induced voltage has an individual, generally not predictable, shape at
each EEG channel (Yan 2009, Mullinger 2011b, Assecondi 2016). Voltages induced
by RF fields are typically blocked with special low pass filters, since the frequency
range of RF fields is usually between 30 kHz and 30 GHz and thus much higher than
the EEG frequency range of 0 to 1000 Hz (Laufs 2012). However, the voltages in-
duced by the changing gradient fields cannot be filtered out, because their frequency
range overlap with the EEG frequency range. This voltages interfere with the EEG
signals and are referred to as the gradient artifact (GA) or sometimes as the scanner
artifact or the imaging artifact (Allen 2000, Grouiller 2007, Yan 2009). A GA exam-
ple is depicted in Figure 1.4. The GA repeats with every repetition of the EPI se-
quence and, hence, it can be divided into epochs. The GA is almost identical between
epochs due to its technical nature; however, head motions that change the position or
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orientation of  EEG electrodes  and  cables alter  the shape  of  the GA permanently
(Allen 2000, Yan 2009). Frequency domain analyses show that the GA covers the
whole EEG frequency range, but the artifact’s power is higher at single frequencies
(e.g. 16 Hz, 32 Hz, 48 Hz, 64 Hz, 80 Hz, 96 Hz, compare Figure 1.4). The artifact’s
power is generally lower below 12 Hz (Figure 1.4). Generally, the exact spectrum of
the GA depends on the MRI scanner manufacturer and the applied sequence. Among
all artifacts that occur in the EEG of simultaneous EEG-fMRI, the GA has the high-
est  amplitudes  (Mulert 2010).  Usually,  the  amplitudes  are  between  500  and
15000 μV, thus up to 1000 times higher than EEG amplitudes (Allen 2000, Yan 2009,
Mullinger 2011b). An axial repositioning of the subjects head out of the MRI scan-
ner’s iso-center helps to reduce the amplitudes of the GA; however, it is not yet pos-
sible to avoid the artifact (Mullinger 2011b, Jorge 2015a). Signal processing based
GA reduction techniques are strictly mandatory in order to obtain acceptable EEG
signal quality and to allow any meaningful analyses (Allen 2000, Mulert 2010).

The pulse artifact

Another severe artifact is repetitive with the human cardiac-cycle and is referred to
as the pulse artifact (PA) or ballistocardiogram artifact (Allen 1998, Debener 2007,
Debener 2008, Yan 2010, Mullinger 2013a, Marino 2018a). An example of the PA is
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depicted in Figure 1.5. The PA is a mixture of at least three different artifacts that are
all  related  to  the  cardiac-cycle  (Bonmassar 2002,  Nakamura 2006,  Debener 2008,
Yan 2010, Mullinger 2013a). The main component of the PA amplitude is caused by
cardiac-pulse-driven head rotation or nodding (Mullinger 2013a). The change in di-
rection of the blood flow in the human head results in a mechanical impulse that
causes small head rotations or nodding. This small motions of the head change the
position of the EEG electrodes and consequently, the surface area of the conducting
loop Σ(t) in Faraday’s law of induction, which causes voltage induction, see equation
(1) and (2). The induced artifact amplitude is directly proportional to the motion am-
plitude  and  the  strength  of  the  static  magnetic  field  of  the  MRI  scanner
(Debener 2008,  Yan 2010).  The  second  component  of  the  PA amplitude  is  also
caused by motion, but in this case, motions of the EEG electrodes due to the expan-
sion and contraction of blood vessels below the respective EEG electrode (Bonmas-
sar 2002, Mullinger 2013a). The amplitude of this component is also dependent on
the static magnetic field strength. The third component of the PA amplitude is related
to the electromagnetic properties of blood. Blood is electrically conductive and there-
fore, surrounded by an electromagnetic field, when accelerated in a magnetic field.
This electromagnetic field is proportional to the acceleration of the blood and thus, it
changes with the cardiac-cycle. The changing electromagnetic field induces artifact
voltages in the EEG. This voltage is known as Hall voltage and depends on the static
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magnetic field strength (Bonmassar 2002, Mullinger 2013a). This three contributors
together form the shape of the PA. The exact shape depends on the field strength and
on the electrodes positions and orientations on the head (Debener 2008, Yan 2010,
Mullinger 2013a, Marino 2018a). As a consequence, head motions that alter the posi-
tion and orientation of EEG electrodes change the shape of a PA permanently. The PA
is repetitive with the cardiac-cycle, but the cardiac-pulse-cycle varies inherently in
terms of its amplitude and timing. Therefore, the PA shape between epochs is similar,
but not identical. Investigations show that the blood vessel expansion component and
the Hall voltage component contribute significantly to the PA variability although
they are generally smaller in terms of their amplitude than the head nodding compo-
nent  (Nakamura 2006,  Debener 2008,  Yan 2010,  Mullinger 2013a).  The  field
strength dependency of the PA is an issue that aggravated over the years. The signal-
to-noise-ratio (SNR) of MRI signals and thus, the obtained fMRI data quality, is pro-
portional to the static magnetic field strength of the MRI scanner. Therefore, modern
MRI scanners tend to utilize very strong static magnetic fields of 3-7 T and conse-
quently,  the  PA amplitudes  are  significantly  increased  in  modern  MRI  scanners
(Debener 2008, Yan 2010). The amplitudes are usually within a range of approxi-
mately 20-150 μV at 3 T field strength, with larger amplitudes at frontal electrode
positions and smaller at occipital positions. Generally, the PA amplitudes are in the
same range as EEG amplitudes.  Analyses in the frequency domain show that the
power of the artifact is highest between 1 and 35 Hz, which overlaps with the fre-
quency range of  the EEG (Figure 1.5).  Signal  processing based artifact  reduction
techniques are the only option to lower the impact of the PA on the EEG and to en-
able useful analyses.

Vibration related artifacts

Some MRI scanner subsystems require electric engines in order to fulfill their task.
Two subsystems with electric engines are usually active during imaging: firstly, the
helium pump of the cooling system for the superconducting magnet and secondly, the
ventilation system for the patients.  The electrical  engines  generate  vibrations  and
thus, small motions of the EEG electrodes and cables. The motions change the sur-
face area of the conducting loop – referred to as Σ(t) in Faraday’s law of induction –
and, as a consequence, induce artifact voltages in the EEG. The artifact due to the
cooling system is often referred to as the helium pump artifact (HPA) and the artifact
due to the patient ventilation system is commonly referred to as the ventilation arti-
fact  (VA)  (Mulert 2010,  Mullinger 2013b,  Nierhaus 2013,  Rothlübbers 2014,
Kim 2015). Their amplitudes are typically below 20 µV, hence, smaller than the am-
plitudes of the GA or the PA (Nierhaus 2013). The exact properties of the artifacts,
such  as  amplitude  and  frequency  spectrum are  presumably  specific  to  a  scanner
brand or model and to the specific simultaneous EEG-fMRI setup. For instance, a
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frequency analysis of HPA affected EEG-data, measured in a SIEMENS Magnetom
scanner of the Tim Trio series (Siemens, Erlangen, Germany), showed that the arti-
fact  covers  a  frequency  range  of  approximately  20  to  100 Hz  (Nierhaus 2013).
Whereas, a frequency analysis of HPA affected EEG, measured in a SIEMENS Mag-
netom scanner of the Verio series, showed that for this series, the HPA covers the fre-
quency range of approximately 30 to 200 Hz, including several artifact free ranges in
between  (Nierhaus 2013).  The  properties  of  the  VA depend  also  on  the  scanner
model,  but  are  additionally  depending  on  the  chosen  ventilation  level  (Nier-
haus 2013). In general, both artifacts have not been sufficiently studied yet and many
of their properties are unknown. Due to this issue, and since it is possible to switch
off the helium pump and the patient ventilation system to prevent these artifacts, it is
not yet popular to use signal processing based techniques for their reduction. How-
ever, the use of such artifact reduction techniques would be preferable over deactivat-
ing the scanner subsystems, as the concerned MRI scanner subsystems play impor-
tant roles for the safe operation of the MRI scanners and for the comfort of the study
participants. At least two techniques the reduction of the HPA have been published
(Rothlübbers 2014,  Kim 2015).  Unfortunately,  it  seems  that  no  signal  processing
based artifact reduction technique is yet available for the VA.

Motions related artifact

Active motions of study participants are another source of artifacts (Bonmassar 2002,
Masterton 2007,  VanderMeer 2010,  Jorge 2015b,  Spencer 2018).  The  generating
mechanism is the same as for the main component of the PA and for the vibration re-
lated artifacts. The motions change the EEG electrodes and cables positions, which
alter the shape of the conducting loops, leading to artifact voltages in the EEG. This
motion related artifact or simply motion artifact (MA), is problematic in three senses.
Firstly, it is non-repetitive, non-stationary, and typically not predictable, since its oc-
currence and properties depend on the motions  (Bonmassar 2002, Spencer 2018).
Secondly, motions change the properties of the GA, the PA, and presumably also of
the vibration related artifacts permanently, since the motions change the EEG elec-
trodes and cables positions (Masterton 2007). This poses a serious obstacle to GA
and PA reduction techniques that exploit the repetitiveness of these artifacts. Thirdly,
motion artifacts can introduce spurious correlations in simultaneous EEG-fMRI data,
that pretend to be plausible EEG effects and EEG-BOLD correlations (Fellner 2016).
This effect can lead to wrong conclusion from simultaneous EEG-fMRI data. Best
practice is to prevent the MA by restricting possible motions of the study participants
with,  for  instance,  vacuum cushion. However,  also a  variety of signal  processing
based artifact reduction techniques have been proposed.

In summary, severe artifacts occur in the EEG of simultaneous EEG-fMRI and an ad-
equate handling of these artifacts is essential to enable any meaningful analysis of the
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EEG-data.  Two option of  handling are available:  prevention or  signal  processing
based artifact reduction with appropriate techniques.

1.6 State-of-the-art in artifact reduction

In general, two approaches for artifact reduction in the EEG of simultaneous EEG-
fMRI are feasible. On the one hand, in some cases it is possible to avoid or reduce ar-
tifacts by removing or minimizing the sources of the artifacts. Examples following
this approach include switching off the helium pump to avoid the HPA, using sand
bags to stabilize EEG cables consequently to reduce all artifacts caused by motions
of EEG cables, or the application of shorter EEG cables to reduce the effective cable
loop (Mullinger 2013b, Assecondi 2016). On the other hand, it is often possible to re-
duce the occurring artifacts by signal processing based artifact reduction techniques.
Artifact reduction following the first approach is commonly limited, since most of
the artifact sources are fundamental to a working MRI scanner (Mulert 2010). There-
fore, artifact reduction following the second approach is typically the only way to
achieve a quality of EEG-data that is usable. A variety of artifact reduction tech-
niques have been developed in recent years. Unfortunately, a comprehensive and up-
to-date review of the techniques is missing. The available reviews date back to 2007
and  include  selected  techniques  only  (Grouiller 2007,  Ritter 2007).  As  a  conse-
quence, various techniques are in use:

Average artifact subtraction

The average artifact subtraction (AAS) technique is among the best performing arti-
fact reduction techniques and the de facto gold standard method for artifact reduction
in simultaneous EEG-fMRI (Grouiller 2007). It is presumably the most often applied
method as it is implemented in the software packages of commercial fMRI-compati-
ble EEG systems, where it is often the standard method for the reduction of both, the
GA and the PA (BrainAmp, BrainProducts, Munich, Germany; Geodesic EEG Sys-
tem, Electrical Geodesics, Inc., Eugene, OR, USA; NEURO PRAX System, neuro-
Care GmbH, Germany). Furthermore, AAS is used in other artifact reduction meth-
ods, e.g. as pre-processing technique before spatial filtering techniques (Niazy 2005,
Chowdhury 2014). The AAS method was introduced by Allen et al., in order to re-
duce the PA (Allen 1998).  Allen et al. observed that the PA repeats itself at EEG
channel level with the cardiac-cycle and they developed a technique that exploits this
repetitive nature of the artifact. They divided the EEG recordings in artifact epochs
and calculated an individual artifact template per EEG channel and per artifact epoch
by averaging over a sliding window of adjacent artifact epochs of the respective EEG
channel. Subsequently, they subtracted the artifact template from the current artifact
epoch to restore the underlying EEG. The AAS technique relies thereby on three im-
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plicit assumptions: (i) The EEG has a mean value of zero. Consequently, no EEG re-
main in the templates after averaging over artifact epochs. (ii) The artifact is repeti-
tive. Hence, one can partition the EEG into artifact epochs. (iii) The artifact remains
constant across adjacent artifact epochs. Which means that averaging over epochs
leads to an accurate artifact template. Assumptions (i) and (ii) are typically fulfilled
by the PA. For instance, regarding the first assumption, one can achieve zero mean
EEG by high pass filtering. Regarding assumption two, one can reliably divide the
pulse artifact into epochs with the help of separate simultaneously recorded electro-
cardiographic (ECG) data (Allen 1998, Mullinger 2008). Assumption (iii), however,
is  commonly not fulfilled by the PA. The cardiac-pulse-cycle inherently varies in
terms of its magnitude and timing. Furthermore, active head motions potentially alter
the shape of the PA permanently. This violation of assumption (iii) leads to the fol-
lowing behavior of the AAS method: generally, the higher the number of artifact
epochs included in the averaging process is, the higher is the template quality, since
the remaining EEG in the template is lower. However, a higher number of artifact
epochs also means that it takes longer to regain a clean template, after a change in the
artifact shape occurred. Hence, the size of the sliding window, meaning the number
of artifact epochs for averaging, is a trade off between the template quality and the
adaptability to changes in the artifact shape. Allen et al. decided to include the pulse
artifact epochs of 10 s of the preceding EEG relative to the current epoch into the av-
eraging process to construct the template (Allen 1998). The AAS technique is also
widely applied for the reduction of the GA. As described above, the GA is typically
the dominant artifact and must be tackled first, before any other artifact reduction.
Allen et al. introduced a modified AAS method for the reduction of the GA in 2000
(Allen 2000). The idea, as well as the three basic assumptions are the same as for the
reduction of the PA. An artifact  template is  built  by averaging over adjacent GA
epochs. Subtracting the template from the current epoch uncovers the underlying sig-
nal. The three assumptions are: (i) The EEG-data have zero mean, (ii) the artifact is
repetitive, and (iii) the adjacent epochs are similar. Due to the technical nature of the
gradient artifact, all  three assumptions are typically fulfilled (Yan 2009). The only
exception are active head motions of the study participant,  which are still  highly
problematic, since they alter the artifacts shapes permanently and therefore, cause a
temporal violation of the third assumption. For the GA reduction process, Allen et al.
adjusted the sliding window in the averaging procedure for the template construction.
They argued that artifact reduction is often performed offline, hence, the data collec-
tion is already completed. Therefore, it is possible to include past artifact epochs as
well as future artifact epochs in the sliding window when processing a certain epoch.
Furthermore, they suggested an answer to the question of how many epochs should
be included in the averaging process. They argued that signal components that occur
in the EEG (artifacts and brain-signals) have amplitudes of 10-250 µV and, therefore,
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it is necessary to adjust the sliding window size to include at least 25 epochs in the
template construction process to ensure that the residual amplitudes of the largest
components in the template are below the amplitudes of smallest components of the
EEG. By combining these two enhancements, they decided to include twelve past ar-
tifact epochs, twelve future epochs and the current artifact epoch in the calculation of
the artifact template for subtraction (Allen 2000). It must be noted that this sugges-
tion regarding the number of epochs holds for single events in the EEG, for instance
eye blinks, but it does not hold for repetitive or permanent components in the EEG.
For instance, the brain activity related component of the EEG itself is present in ev-
ery single epoch; therefore, the residual EEG amplitudes in the template are reduced
by approximately a factor of square-root of the number of the epochs and not by the
number of the epochs. Hence, using 25 epochs in the averaging step implies that
EEG amplitudes are reduced by a factor of √25 (i.e., only by a factor of 5). In the
past, one issue related to GA reduction with the AAS technique was that the time of
the clocks of the EEG recording system and MRI scanners were not synchronized.
As a consequence, single repetitions of the GA were sampled at slightly different
time points. The subsequent averaging led to a blurred artifact template and, in turn,
artifact reduction was impaired. This issue has been solved in modern EEG recording
systems, as they offer the option to synchronize the clock of the EEG recording sys-
tem with  the  clock of  the MRI scanner through the  use  of  a  phase  locked loop
(Mullinger 2008).

fMRI artifact slice template removal

A second common artifact  reduction technique is  fMRI artifact  slice template re-
moval (FASTR). It was developed by Niazy et al. – partly based on work of Negishi
et al. – for the reduction of the GA and is available as plug-in for the well-known
EEGLAB platform (Niazy 2005, Negishi 2004, Delorme 2004). The FASTR method
uses the same approach as the AAS technique: it constructs an artifact template and
subtracts the template from the EEG to reduce the GA. However, the methods differ
in how the templates are constructed. In FASTR, a unique template for each artifact
is constructed of the local moving average plus a linear combination of basis func-
tions that account for the variation of artifact residuals. The additional basis function
are the difference to the AAS method. The basis functions are obtained after the AAS
method was applied by decomposing the spatio-temporal EEG matrix into orthogo-
nal temporal components with temporal principal component analysis (PCA). It is as-
sumed that the GA residuals are uncorrelated to neuronal activity and typically of
higher amplitude. Therefore, they should usually be captured in the very first PCA
components. These dominant components serve then as the set of basis functions.
Furthermore, Niazy et al. propose the use of FASTR to reduce the PA, but without
applying the AAS technique in the pre-processing step, thus only the use of basic
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functions. They claim that the FASTR approach is superior to the AAS technique
(Niazy 2005). However, in a comparison by Grouiller et al.,  the FASTR approach
was not superior in general, but only in rare cases (Grouiller 2007).

Spatial principal component analysis and independent component analysis

Techniques based on the spatial decomposition of the EEGsuch as spatial PCA and
independent component analysis (ICA) are also popular for artifact reduction. A large
number of papers have been published that deal with the application of PCA and es-
pecially  ICA  to  reduce  the  GA  and  the  PA.  (Benar 2003,  Srivastava 2005,
Briselli 2006,  Nakamura 2006,  Mantini 2007b,  Ritter 2007,  Vanderperren 2010,
Abreu 2016). Some authors claim that in particular the ICA technique is superior to
AAS; however, as Niazy et al. already pointed out “… the identification of artifact
components can be subjective and is usually done manually. Most importantly, spa-
tial filters assume that all the sensors are contaminated by common sources, which is
not the case. The BCG artifact [the PA] derives from sources that are rotating/mov-
ing, which contaminate different sensors at different points during the cardiac cycle
with different effects.” (Niazy 2005). This means that the quality of EEG after the ap-
plication of the ICA technique depends on subjective selections and an over-fitting of
the data cannot be ruled out. Furthermore, one of the basic assumptions of the ICA
method is violated in terms of artifacts in the EEG recorded simultaneously with
fMRI,  namely  that  all  EEG  sensors  are  contaminated  by  common  sources
(Debener 2007, Marino 2018). Consequently, Grouiller et al. found in their review
that the quality of EEG after the application of ICA is highly variable and typically
worse than after the application of the AAS technique. Concerning the reduction of
the GA they wrote:  “… ICA behaved badly in experimental data.” and concerning
the reduction of the PA they concluded: “ICA showed poor results in removing car-
diac artefacts both in experimental and simulated data” (Grouiller 2007).

Techniques utilizing separate artifact measurements

Another group of artifact reduction techniques captures artifacts separately and sub-
sequently, a forward model is used to estimates the impact of the artifacts on the
EEG, to enable artifact reduction. Both parts of such techniques – the measurement
of the artifacts and the forward model – are critical to reliably achieve a high EEG
quality. Several methods to measure specific types of artifacts were proposed. For in-
stance Bonmassar et al. used a piezoelectric motion sensor to capture motions of the
study  participants  (Bonmassar 2002).  Masterton  et  al.  introduced  cable  loops  at-
tached to the EEG cap to measure motions, including the motions that cause vibra-
tion related artifacts (Masterton 2007, Abbot 2014). Van der Meer et al. utilized sepa-
rate  electromyographic  recordings  at  the  arm  as  motion  indicators  (Vander-
Meer 2010). Maziero et al. developed a fMRI compatible Moiré-phase grating sys-
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tem in order to track motions (Maziero 2016). However, it is cumbersome and error-
prone to capture each possible artifact separately. An appealing approach is to mea-
sure artifacts together – all at once if possible – in the same way as they influence
EEG recordings (Xia 2013, Chowdhury 2014, Luo 2014, Jorge 2015b). This can be
achieved by placing separate reference electrodes directly at the head of study partic-
ipants.  The reference electrodes  are the same as the EEG electrodes,  but  isolated
from the scalp. This approach dates back to a no longer existing company named
Alatheia Ltd (Chantilly, VA, USA) and their ‘fEEG’ system (Dunseath 2009, Mc-
Glone 2009). Chowdhury et al. published a promising study on an advanced version
of that approach (Chowdhury 2014). They used agar and PVC film to build a refer-
ence-layer for the whole head, which is electrically isolated from the scalp, but has
similar electrical properties and shape. They utilized electrode pairs, where one elec-
trode is capturing the artifact afflicted EEG at the scalp (scalp electrode), while the
other is capturing the accompanying artifacts at the reference-layer (reference elec-
trode). Electrodes of a pair are closely spaced, reference electrodes on top of scalp
electrodes, separated by PVC film only. Hence, this setup enables individual artifact
recordings per EEG electrode and it  can be assumed that artifacts captured by an
electrode pair are similar. Consequently, an artifact subtraction will reduce the arti-
facts in the EEG. It was demonstrated that this reference-layer artifact subtraction
(RLAS) approach outperforms the AAS method in terms of GA and PA attenuation
when MAs are present  and that the RLAS approach is even more effective when
combined with the AAS technique as pre-processing step (Chowdhury 2014).  De-
spite the results, the RLAS approach of a separate reference-layer and paired elec-
trodes  was not  pursued further.  Especially  the forward model was not  improved.
However, the applied forward model is the second critical part in methods that utilize
separate artifact recordings. The forward model is responsible to establish a link be-
tween the measured artifacts and the artifacts in the EEG. In the case that the sepa-
rately measured artifacts are identical to the artifacts in the EEG, a straight forward
subtraction is the optimal solution. Usually, the artifacts are similar,  however, not
identical as the geometry of the surface enclosed by the respective wire loop and the
orientation of the wire loop relative to the magnetic fields are not the same. As a re-
sult, a straight forward subtraction is generally sub-optimal. Due to Faraday’s law of
induction, it is valid to assume a linear relationship between separately measured ar-
tifacts and artifacts in the EEG (Yan 2010, Jorge 2015b). Therefore, linear models are
considered a good choice to establish a forward model (Bonmassar 2002, Master-
ton 2007, Xia 2013, Abbot 2014, Luo 2014, Jorge 2015b). Unfortunately, the linear
relationship is usually not stable over time as for instance, the impedances between
electrodes and scalp change, or the geometry of the surfaces enclosed by the wire
loops alter due to motions of the study participant (Yan 2010, Jorge 2015b). Hence, a
one time fit of the linear models, for instance at the beginning of an experiment, is
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insufficient. A continuous adaptation of the linear model is required. Adaptive filters
provide such a functionality (Haykin 1996). A schematic representation of adaptive
filters is shown in Figure 1.6. In general, adaptive filter algorithms works iterative.
Usually, each iteration is divided into two steps. Firstly, the forward model  ĥ(n) is
used to estimate the influence of the artifact x(n) on the artifact contaminated EEG
d(n). The residuals of the estimated artifact influence and the contaminated EEG d(n)
is the cleaned EEG. In the adaptive filter notion, this signal is referred to as the error
e(n). Secondly, the forward model ĥ(n) is adapted to improve the estimation of the
artifact influence. The adaptation direction is derived from the error signal e(n). Sev-
eral algorithms are available to perform the two steps (Haykin 1996). Popular exam-
ples are the least mean squares algorithm and the recursive least squares algorithm
(Haykin 1996). Unfortunately, a systematic review on the application of adaptive fil-
ters for the artifact reduction in simultaneous EEG-fMRI is missing. Furthermore, the
available results are not necessarily comparable, as they were obtained for different
types of artifacts and different types of artifact measurement techniques (Bonmas-
sar 2002, Masterton 2007, Jorge 2015b). Often, the least mean squares algorithm is
applied. This algorithm minimizes the mean squared residuals, hence,  e²(n). Mathe-
matically the algorithm is described by the two following equations,

e (n) = d (n)−ĥH
(n)⋅x (n) , (3)

which is the forward model step and

ĥ(n+1) = ĥ(n)+μ⋅x(n)⋅e(n) , (4)

which is the update step. The variables are the same as above, additionally ĥH(n) is
the Hermitian transpose of ĥ(n) and μ is the step width, a parameter that controls the
convergence speed and the stability of the adaptation process (Haykin 1996). The
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characteristics of the artifact input x(n) is critical for the performance of the adaptive
filtering technique. If the separate artifact recording does not capture all aspects of
the artifact in the EEG, then the adaptive filter will fail to reduce the artifact. Further-
more, if the separate artifact recording does contain EEG, then the adaptive filter will
also remove EEG. So far, all applications of adaptive filtering were to some extend
affected by one of the two problems. However, this approach is very appealing, as it
conceptually allows to reduce all types of artifacts that can be captured by separate
recordings.

Other artifact reduction techniques

In general, the field of techniques for artifact reduction in the EEG of simultaneous
EEG-fMRI is very innovative. Apart of the techniques mentioned above, many others
have been published. Some of them are related to the techniques already described.
For instance, beam-formers are spatial filters, singular value decomposition can be
interpreted as the generalization of the PCA, and independent vector analysis is an
extension of ICA (Brookes 2008, Liu 2012, Acharjee 2015). Others are based on dif-
ferent principles. For instance, Ferdowsi et al. introduced a technique based on short
term and long term linear predictors,  and Abolghasemi and Ferdowsi presented a
method based on dictionary learning (Ferdowsi 2013, Abolghasemi 2015). The au-
thors of the papers are convinced that their techniques outperform the popular meth-
ods described above under certain conditions; however, independent confirmations
are missing.

Online applicable artifact reduction techniques

The data quality of EEG recorded simultaneously with fMRI is one, but not the only
important criterion for artifact reduction techniques. There is also growing interest in
techniques that reduce artifacts online. The interest is based on neuroscientific exper-
iments, where an immediate processing of the measured data is required. Examples
of such experiments are: (i) Triggering visual stimulation depending on ongoing EEG
and investigating the effects with fMRI (Becker 2011). (ii) Locating cerebral genera-
tors of epilepsy spikes online (Gotman 2006). (iii) Investigating brain activity with
fMRI during the use of EEG neurofeedback (Zotev 2014, Zich 2014, Zich 2015). (iv)
The construction of a new type of brain-computer interfaces that rely on the online
feedback of two neuroimaging modalities. For instance, simultaneous EEG and fMRI
feedback, to generate control  signals for an application or for the paradigm itself
(Brunner 2015, Mano 2017, Perronnet 2017). In the context of online artifact reduc-
tion,  online  refers  to  timely  artifact  reduction  without  knowing  the  future  data.
“Timely” does not specify a processing time, it means that the artifact reduction is
fast enough for a particular application. The term “without knowing the future data”
implies causal  signal processing. Unfortunately, most artifact reduction techniques
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are based on non-causal signal processing. They require future data to work properly
and can therefore only be applied offline after the experiment. This led to the devel-
opment of online applicable artifact reduction techniques. Commonly they are based
on offline techniques, but utilize a window of current data only. For instance, Brain
Products (Brain Products GmbH, Gilching, Germany) provide an online version of
the AAS method for GA and PA reduction in their commercial RecView tool that is
similar to the orignial AAS technique published by Allen et al. (Allen 1998). Other
online capable artifact reduction methods use windowed versions of the FASTR tech-
nique or of ICA as basis. The online capable techniques have the same basic weak-
nesses as the equivalent offline techniques, but the weaknesses are often more pro-
nounced due to the windowing (Wu 2016, Mayeli 2016, Wen 2016).

In  short,  there  are  many  artifact  reduction  techniques  available,  with  the  AAS
method, the FASTR technique, and spatial decomposition techniques being the most
common. The approach of separate artifact measurements is not common, but ap-
pealing, since it conceptually allows to reduce all occurring artifacts at once. A possi-
ble online applicability is another important criterion for artifact reduction techniques
and is a requirement for certain types of experiments.

1.7 Motivation, aim and structure of this thesis

At present, a variety of artifact reduction techniques are available. However, residual
artifacts are still present after the application of these methods. The low quality of
EEG recorded concurrently  with fMRI is  still  a  weakness  of  simultaneous EEG-
fMRI and presents a major obstacle for a broader application of this technique in
neuroscience. For instance, several studies reported that EEG recorded outside the
MRI scanner  is  significantly  different  from EEG recorded  inside the  active MRI
scanner, although GA and PA reduction was performed with state-of-the-art artifact
reduction techniques (Benar 2003, Grouiller 2007, Ritter 2007). An example is de-
picted in Figure 1.7, where substantial differences are visible between the spectra of
Lab EEG and inside the MRI scanner EEG. For instance, GA residuals are identifi-
able by their spectral signature (peaks in the spectrum at 16 Hz, 32 Hz, 48 Hz, 64 Hz,
80 Hz,  96 Hz,  compare  Figure 1.4).  This  observation  is  also  reflected  in  studies
where machine-learning techniques were used to classify brain tasks by EEG for the
application in BCIs.  The achieved classification accuracies were on average 10%
points lower with EEG recorded simultaneously to fMRI compared to EEG that was
recorded in a lab environment, although the AAS artifact reduction method was ap-
plied (Zich 2015). Consequently, the aim of this thesis is twofold: (i) Identification
and analysis of the causes of the artifact residuals after the application of the AAS
method. (ii) Development and analysis of a new technique to improve the quality of
EEG recorded simultaneously with fMRI, to enable a broader application of simulta-
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neous EEG-fMRI in the future. For this purpose, it was decided to develop a tech-
nique that deploy a reference-layer EEG cap (developed with GUGER TECHNOLO-
GIES OG, Graz, Austria) that enables separate artifact recordings per electrode by
electrode pairs – as used in the RLAS technique – and to extend this approach by
adaptive filtering. This approach is referred to as reference-layer adaptive filtering
(RLAF).

The thesis starts with this introduction chapter. It gives an overview on multimodal
neuroimaging, simultaneous EEG-fMRI, occurring artifacts, and associated artifact
reduction techniques. The second chapter covers the materials and methods. It  in-
cludes four primary scientific publications or studies, and one secondary. The first
primary study presents an analysis of the causes of residual artifacts after the AAS
method and points out possible enhancements. At the time of writing this thesis, this
study was not yet published, therefore it is included in full text. The primary publica-
tions two, three, and four cover the introduction and evaluation of the new artifact re-
duction technique RLAF. The secondary publication reports on a pilot study in which
a BCI experiment was performed inside an MRI scanner. The third chapter consist of
a discussion that summarizes the results of the publications to set them into a big pic-
ture. Finally, the appendix contains copies of the published scientific papers.
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2 Materials and Methods

“Measure what is measurable, and make measurable what is
not so.”

– Antoine-Augustin Cournot and Thomas-Henri Martin
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2.1 Primary publication 1: Artifacts in EEG of simultaneous 
EEG-fMRI: Pulse artifact remainders in the gradient arti-
fact template are a source of artifact residuals after average 
artifact subtraction

[Steyrl 2018] Steyrl D, Müller-Putz GR (2018) Artifacts in EEG of simultaneous 
EEG-fMRI: Pulse artifact remainders in the gradient artifact template are a source of 
artifact residuals after average artifact subtraction. Journal of Neural Engineering. Ac-
cepted 29.10.2018

In accordance with the aims of this thesis, the first study was designed to answer the
following two questions: (i) What are the causes of remaining artifacts after the ap-
plication of the AAS technique? (ii) Are there possibilities to improve the AAS tech-
nique?

To answer this questions, the AAS technique was applied to artificial EEG-data that
included simultaneous EEG-fMRI related artifacts. The use of artificial EEG facili-
tates the evaluation of artifact reduction methods, as it allows to compare clean EEG
with EEG obtained after an application of artifact reduction techniques. This is not
possible with real simultaneous EEG-fMRI recordings because the clean EEG is un-
known in that case. The artificial EEG was compiled of single signal components, in-
cluding artificial clean EEG, GA, and PA components. The artifact reduction was
carried out under conditions that are optimal for the AAS method. Optimal means
that all implicit prerequisites of the AAS technique were fulfilled: (i) the EEG had
zero mean, (ii)  the artifacts  were repetitive,  and (iii)  the artifacts  stayed constant
across adjacent artifact epochs. The reconstructed EEG was compared with the clean
EEG component to asses the quality of the reconstruction and to analyze the remain-
ing artifacts.

At the time of writing this thesis, this study was accepted at Journal of Neural Engi-
neering but not yet published. Therefore, the manuscript is included in this section.

Contribution to this thesis: This work reveals that the AAS technique is intrinsic
ally prone to correlated artifacts. It shows that remaining PAs in the GA subtraction
template adds artifacts to the EEG. The additional artifacts occur, although all pre-
requisites for the AAS technique were chosen optimal. Two option to improve the
EEG quality are available: (i) Including a higher number of artifact epochs into the
averaging process reduce the artifact residuals in the subtraction template. This ap-
proach, however, reduces the adaptability of the AAS technique. (ii) The application
of additional post-processing techniques after the use of the AAS method to tackle
the artifact residuals.
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2.1.1 Introduction

In recent  years  electroencephalography (EEG) and functional  magnetic  resonance
imaging (fMRI) have been applied simultaneously to study the active human brain
concurrently  from  electrophysiological  and  metabolic/vascular  perspectives  (Rit-
ter 2006, Mulert 2010, Rosa 2010, Huster 2012). The simultaneous application of the
techniques allows the concurrent measurement of different brain signals and allows
benefiting  from  their  complementary  features  (Mulert 2010,  Rosa 2010).  For  in-
stance, EEG can capture signal changes in the range of milliseconds, but the exact lo-
cations  of  these  changes  remain  difficult  to  determine  (Niedermeyer 2005,
Michel 2012). fMRI in turn can be used to determine the locations of signal changes
with high precision, but the time resolution is limited to seconds (Ogawa 1990, Nor-
ris 2006). By combining these two techniques, the information collected with one
technique  can  be  supplemented  by  information  from  the  other  (Rosa 2010,
Mullinger 2011, Huster 2012, Uludag 2014). One example of such an application is
the EEG-informed fMRI analysis technique that is used to localize epileptic centers
in  the  brain  prior  to  a  brain  surgery  (Ives 1993,  Krakow 1999,  Rosenow 2001,
Laufs 2012).

However, EEG and fMRI are techniques that affect each other. On the one hand, the
insertion  of  additional  EEG equipment  into  the  scanner  bore results  in  degraded
fMRI data quality, because it disturbs the magnetic field homogeneity and interferes
with the radio frequency signals (Bonmassar 2001, Luo 2012). On the other hand, the
presence of magnetic fields in MRI scanners introduce severe artifacts in the EEG.
Dynamic magnetic fields induce electromagnetic force in the EEG cables according
to Faraday’s law. The static magnetic field of MRI scanners is also problematic, be-
cause small motions in the static magnet field – for instance by study participants –
also induce significant electromagnetic force (Mullinger 2008, Mulert 2010). Typi-
cally, small motions cannot be avoided, because they may occur as a result of the hu-
man cardiac cycle or scanner vibrations (Bonmassar 2002, Mullinger 2013a, Nier-
haus 2013, Rothlübbers 2014). Therefore, data obtained from the application of si-
multaneous EEG-fMRI are heavily affected by artifacts. In the case of fMRI, the data
quality is reduced, but is usually sufficient to allow data analysis (Jorge 2015). In the
case of EEG, however, the artifacts reduce the data quality so severely that artifact
reduction  methods  based  on  signal  processing  are  strongly  advised
(Mullinger 2013a).

Typically, two types of MRI related artifacts are dominant in the EEG and conse-
quently, these artifacts are the main targets of artifact reduction techniques. The first
type is caused by electromagnetic induction in the electrodes and the adjoining ca-
bles, due to the switching of the scanner’s gradient field during the acquisition of
fMRI data; this artifact type is often referred to as the gradient artifact (Yan 2009). It
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is a broad-band artifact that covers the whole EEG relevant frequency range with am-
plitudes in the range of millivolts; hence, these amplitudes are roughly 1000 times
higher  than  EEG  amplitudes  (Ritter 2007,  Mulert 2010).  The  second  artifact  is
mainly caused by motion of the EEG electrodes in the static magnetic field, due to
cardiac-pulse-driven head nodding; this artifact type is often referred to as the pulse
artifact (Debener 2008, Mullinger 2013b). It has maximum amplitudes of approxi-
mately 100 µV and is  most  prominent  in the lower frequency range up to  30 Hz
(Debener 2008, Mulert 2010, Mullinger 2013b).

Other MRI related artifacts are known, for instance, the helium pump artifact or the
patient ventilation system related artifact (Nierhaus 2013, Rothlübbers 2014). They
are caused by vibrations introduced by the helium cooling system or the fans of the
patient ventilation system. Although initial attempts to reduce these types of artifacts
have been made, they are often not considered during the artifact reduction process,
because they usually reduce data quality less than the gradient and pulse artifact and
they are harder to remove due to their complex and non-repetitive structure.

A method that is often used to reduce the negative effects of the gradient artifact and
the pulse artifact is the average artifact subtraction (AAS) technique (Allen 1998,
Allen 2000). The method exploits the repetitive nature of both artifacts. An artifact
template is calculated for the current artifact epoch by averaging over neighboring
artifact epochs. The template is then subtracted from the current epoch to reduce the
artifact. The method is typically applied twice: firstly, it is applied to reduce the ef-
fects of the gradient artifact, and secondly, to reduce the effects of the pulse artifact
(Allen 1998, Allen 2000). The AAS technique relies on three implicit assumptions:
(1) The EEG has zero mean. Hence,  no EEG remains after averaging over  EEG
epochs. (2) The artifact is repetitive. Hence, one can partition the EEG data into arti-
fact epochs. (3) The artifact remains constant across adjacent artifact epochs. As-
sumptions (1) and (2) are typically fulfilled for the gradient and pulse artifact. For in-
stance, regarding the first assumption, one can achieve zero mean EEG by high pass
filtering. Regarding assumption two, one can reliably divide the gradient artifact into
epochs that are determined by the time of repetition of the MRI scanner sequence.
The pulse artifact can be divided into epochs using separate simultaneously recorded
ECG signals (Mullinger 2008). Assumption (3), however, is problematic. Firstly, any
head motions induce artifacts and can potentially alter the shape of the gradient and
pulse  artifact  permanently.  Secondly,  the  cardiac  pulse  cycle  inherently  varies  in
terms of its magnitude and timing. This violation of assumption (3) leads to the fol-
lowing behavior of the AAS technique. In terms of gradient artifact reduction: the
higher the number of artifact epochs included,  the higher  is  the template quality,
since the remaining signals in the template is low after averaging. However, a high
number of artifact epochs also means that it takes longer to obtain a clean template
again after a change in the artifact shape, for either a magnitude or timing, occur-
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rence. Hence, this adaptivity to changes in the artifact is determined by the number
artifact epochs for averaging. In terms of pulse artifact reduction: the pulse artifact is
inherently variable and a higher number of artifact epochs will not necessarily im-
prove the template quality. However, the adaptivity of the AAS technique is still im-
paired by a higher number of artifact epochs. In their seminal paper on AAS for pulse
artifact reduction, Allen et al. decided to include the pulse artifact epochs of 10 s of
the preceding EEG signal relative to the current epoch into the averaging to construct
the template (Allen 1998).  Later,  Allen et al.  adjusted the averaging procedure.  In
their second paper on AAS – now for gradient artifact reduction – they argued that
since artifact correction is often performed offline, it is possible to include not only
past artifact epochs, but also future artifact epochs in the averaging (Allen 2000).
Furthermore, they proposed an answer to the question of how many epochs should be
included in the averaging process. They argued that signal components that occur in
EEG (artifacts and brain-signals) have amplitudes of 10-250 µV and, therefore, it is
necessary to include at least 25 epochs in the averaging to ensure that the residual
amplitudes of the largest components in the template are below the amplitudes of
smallest components in the EEG signal. By combining these two enhancements, they
decided to include twelve past artifact epochs, twelve future epochs and the current
artifact epoch in the calculation of the artifact template (Allen 2000). The AAS tech-
nique is currently available in commercial fMRI-compatible EEG systems for the re-
duction of both the gradient and the pulse artifact. Examples of such systems are the
BrainAmp system (BrainProducts,  Munich,  Germany),  the Geodesic  EEG system
(Electrical Geodesics, Inc., Eugene, OR, USA), or the NEURO PRAX system (neu-
roCare GmbH, Germany).  However,  AAS is not only used as a stand-alone tech-
nique,  but is  often used as a pre-processing step before other techniques. For in-
stance, as part of the optimal basis sets technique and before reference layer adaptive
filtering (Niazy 2005, Steyrl 2017, Steyrl 2018). Furthermore, an on-line version of
AAS is also available commercially (Allen 1998). Finally, it is also one of the best
performing  artifact  reduction  techniques  (Garreffa 2003,  Grouiller 2007,  Rit-
ter 2007). As a result, AAS is presumably the most frequently used artifact reduction
technique in simultaneous EEG-fMRI.

Nevertheless, the results of several studies have shown that EEG recorded in a lab
environment is significantly different from EEG recorded inside an MRI scanner, al-
though the AAS technique was used to reduce the gradient and pulse artifact (Be-
nar 2003, Grouiller 2007, Ritter 2007). An example is depicted in Figure 2.1. Fig-
ure 2.1 shows EEG spectra from the same study participants, first recorded in a lab
environment and then inside an active MRI scanner with subsequent AAS. In the
spectrum of EEG recorded inside the scanner, one can identify single peaks starting
at around 25 Hz. These peaks seem to originate from gradient artifact residuals as
well as from artifacts related to vibrations, i.e. those related to the cooling and patient
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ventilation systems. In addition to the artifact peaks, the amplitude of EEG recorded
inside the MRI scanner is substantially higher across the frequency range from 1 Hz
to  approximately  40 Hz compared to  the  amplitude  of  EEG recorded in  the  lab.
These artifact amplitudes overlay the typical peaks in the EEG spectrum that are as-
sociated with well-known and important brain rhythms; alpha rhythm at 8-13 Hz and
beta rhythm at 13-30 Hz. To the best of our knowledge the cause of this broad band
artifact has not yet been investigated.

Based on theoretical considerations, our hypothesis is that the AAS technique itself is
a fundamental cause of this artifact. In this work, we apply the AAS technique to arti-
ficial EEG data to demonstrate that pulse artifact residuals in the AAS template dur-
ing the gradient artifact reduction, add this artifact to the EEG.

2.1.2 Methods

An evaluation of artifact reduction techniques is problematic when artifacts and the
signal of interest are available only as a mixture, as is the case with EEG of simulta-
neous EEG-fMRI. Inspired by a work of Grouiller et al., we use a procedure that is
based on artificial signals to avoid the mixture problem (Grouiller 2007). The proce-
dure uses a single artificial EEG channel that is built of known components. Three
components are included: an artificial EEG component, an artificial gradient artifact
component and an artificial pulse artifact component. The components serve as refer-
ences in the evaluation. The procedure itself has three steps: (1) We generate repre-
sentative artificial signal components and out of them, we create a single channel ar-
tificial EEG by summing up the components. The statistical properties of these artifi-

Figure 2.1: Spectra of EEG. Green: spectrum of EEG recorded in lab envi-
ronment. Black: spectrum of EEG recorded inside the active MRI scanner af-
ter two subsequent applications of the AAS method for gradient and pulse ar-
tifact  reduction.  Channels  with  excessive  power  (mean ± 2 std)  were  ex-
cluded. The spectra were calculated with Welch’s method for each EEG chan-
nel separately (500 Hz sample rate, 1 Hz high pass, 125 Hz low pass, Kaiser
window,  window length 8 s,  overlap  approximately  50%) and were subse-
quently averaged over 6 participants.
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cial signal components are based on real simultaneous EEG-fMRI recordings from
our previous work. Please refer to it for recording details (Steyrl 2018). Descriptions
of the component generation are presented later in this section. (2) We apply the AAS
technique two times. Firstly to reduce the gradient artifact (GA-AAS) and a secondly
to reduce the pulse artifact (PA-AAS). In both, we include 25 artifact epochs in the
template averaging step, 12 taken from before the current epoch, 12 taken from after
the  current  epoch,  and  the  current  epoch;  as  recommended  by  Allen  et  al.
(Allen 2000). (3) We compare the reconstructed EEG component after GA-AAS and
PA-AAS with the original artificial EEG component to determine the effects of the
applications of the AAS technique. Furthermore, this procedure allows the investiga-
tion of the single steps of the AAS technique. For instance, we investigate the quality
of the artifact template in GA-AAS.

Artificial EEG component

The artifact-free EEG is the signal component of interest. We want to recover this
component by applying the AAS technique. In order to create a realistic, representa-
tive, single-channel, artificial EEG component, we use the average spectrum of EEG
that was recorded in a lab environment, see Figure 2.2 top (Steyrl 2018). This spec-
trum was calculated by averaging over the single channel spectra collected from 6
participants. Channels with excessive power (mean ± 2 std) were excluded. The sin-
gle spectra were calculated using Welch’s method (500 Hz sample rate, 1 Hz high
pass, 125 Hz low pass, Kaiser window, length 16 s, overlap approximately 50%). The
50 and 100 Hz peaks were removed by interpolating the average spectrum between
45 and 55 Hz, and between 99 and 101 Hz. A new frequency axis with a frequency
resolution that is 420 times higher than the frequency resolution of the average spec-
trum was created, and the average spectrum was interpolated to fit to this new axis.
The amplitudes were adjusted to fit Rayleigh's energy theorem (Oppenheim 2003).
To create a time domain EEG signal from that spectrum, an inverse Fourier transform
was applied to the spectrum. The result is an artificial EEG signal with a length of
2 h and a sample rate of 500 Hz (Figure 2.2 bottom). Its spectrum is similar to that of
lab EEG (Figure 2.2 top).

Gradient artifact component

The gradient artifact is the most severe type of artifacts in terms of its amplitude. We
chose an EEG channel with a representative gradient artifact to generate an artificial
gradient artifact component (channel POz of participant 2 in Steyrl et al. 2018). The
EEG channel was recorded with a sampling rate of 5000 Hz and activated synchro-
nization between the EEG system clock and the MRI scanner clock. The time-of-rep-
etition of the scanner was 2250 ms, an integer multiple of 20 µs. Subsequently, the
EEG channel was low pass filtered to avoid aliasing (12th order, second-order-struc-
ture, zero phase Butterworth low pass filter, 3 dB at 125 Hz) and down-sampled to
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500 Hz. We checked for an effect of the down-sampling on the gradient artifact re-
duction and found that the EEG quality was equal. The actual gradient artifact com-
ponent  was  generated  by  repeating  a  gradient  artifact  template  until  the  desired
length of the component was reached. The template was obtained by averaging over
gradient artifact epochs of the aforementioned EEG channel. Single gradient artifact
epochs  were  removed  before  the  averaging  if  they  showed  excessive  power
(mean ± 2 std). In total 464 gradient artifact epochs were included to calculate the
gradient artifact template. The template was then repeated until a signal length of 2 h
was reached (see Figure 2.3 top). The artificial gradient artifact component shows the
typical spectral fingerprint of the gradient artifact: prominent peaks at 16 Hz, 32 Hz,
48 Hz, 64 Hz, 80 Hz, 96 Hz (see Figure 2.3 bottom). We decided to carry out our in-
vestigations under conditions that are optimal for the AAS technique, hence, the arti-
ficial gradient artifact component does not include any abrupt or slow changes over
its entire duration. 

Pulse artifact component

To create an artificial pulse artifact component, we used a similar approach as that
for the gradient artifact component. Pulse artifact epochs of an EEG channel that
shows representative pulse artifacts  (channel  POz of  participant 2 in  Steyrl 2018)

Figure 2.2: Top: spectrum of EEG recorded in a lab environment (green) and
spectrum of the artificially generated EEG signal (blue). Bottom: example of
time course of the artificial EEG signal.
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were  averaged  to  obtain  a  pulse  artifact  template.  Epochs  with  excessive  power
(mean ± 2 std) were removed. In total 914 pulse artifact epochs were included to cal-
culate the pulse artifact template. To obtain an artificial 2 h pulse artifact signal, we
lined up one artifact after another, but the duration between two successive artifacts
was varied, to simulate the natural temporal variability of the pulse artifact occur-
rence. The gaps in between adjacent artifact epochs were filled with zeros. We ad-
justed the pulse artifact occurrence to match the measured average heart rate of par-
ticipant 2 (see Figure 2.4 top). On average,  a pulse artifact occurred every 0.86 s,
which implied a heart  rate of approximately 70 bpm. The standard deviation was
0.05 s. The artificial pulse artifact component shows the typical spectral signature of
the pulse artifact: high power in the frequency range of 1-40 Hz and almost no power
above 40 Hz. The pulse artifact amplitude was not modified over the course of the ar-
tificial pulse artifact component to ensure optimal conditions for AAS.

Performance metrics

We present a visual (time and frequency domain) comparison of the artificial EEG
component,  the reconstructed EEG after  twice applying AAS (GA-AAS and PA-
AAS), the artifact residuals in the reconstructed EEG, and the artifact residuals in the
gradient artifact template. The artifact residuals of the reconstructed EEG were ob-

Figure 2.3: Top: repeated artifact template used to obtain a 2 h long artificial
gradient artifact component. Bottom: comparison of spectrum of the artificial
gradient artifact component (red) with that of the artificial EEG (blue).

35



Materials and methods

tained by subtracting the artificial EEG component from the reconstructed EEG. The
artifact residuals in the gradient artifact template were obtained by subtracting the
gradient artifact component from the template.

A helpful metric that can be used to assess the similarity of signals is the Pearson
correlation coefficient. This coefficient describes the difference between the original
artificial EEG components and the reconstructed EEG component in the time do-
main; ideally, this coefficient is 1, implying that the signals are identical.

Furthermore, we calculate the signal-to-noise ratio (SNR) between the artificial EEG
component and the artifact residuals in the reconstructed EEG to quantify the quality
loss.

Computations were performed with Matlab (Mathworks Inc., Natick, MA, USA, Ver-
sion 2017b).

2.1.3 Results

Figure 2.5 shows a representative period of: the artificial EEG component, the recon-
structed EEG after GA-AAS and PA-AAS, the artifact residuals in the reconstructed
EEG, and the artifact residuals in the gradient artifact template. The Pearson correla-

Figure 2.4: Top: repeated pulse artifact template to obtain a 2 h long artifi-
cial pulse artifact component. Bottom: comparison of spectrum of the artifi-
cial pulse artifact component (red) with that of the artificial EEG (blue).
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tion coefficient between the artificial EEG component and the reconstructed EEG af-
ter two times AAS is 0.6. The SNR between the artificial EEG component and the ar-
tifact residuals in the reconstructed EEG is - 1.8 dB. The correlation coefficient be-
tween the residuals in the reconstructed EEG and the residuals in the gradient artifact
template is 0.94.

Figure 2.5:  Comparison  of:  the  artificial  EEG component  (A),  the  recon-
structed EEG after two times AAS (GA-AAS and PA-AAS) (B), the artifact
residuals in the reconstructed EEG (C), and the artifact residuals in the gra-
dient artifact template (D).
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Figure 2.6 presents the spectra of: the artificial EEG component, the reconstructed
EEG after GA-AAS and PA-AAS, the artifact residuals in the reconstructed EEG,
and the artifact residuals in the gradient artifact template. 

Figure 2.6: Comparison of the spectra of: the artificial EEG component (A),
the reconstructed EEG after two times AAS (GA-AAS and PA-AAS) (B), the arti-
fact residuals in the reconstructed EEG (C), and the artifact residuals in the
gradient artifact template (D).
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2.1.4 Discussion

Artifact reduction techniques are strongly advised as a rule prior to any analysis of
EEG that was obtained during simultaneous EEG-fMRI. The artifacts represent a ma-
jor problem for the analysis of the EEG, especially when oscillatory EEG compo-
nents are under investigation or when only a small number of event-related potential
are available (Steyrl 2013, Zich 2015). 

The AAS technique is one of the most frequently applied methods for artifact reduc-
tion and also one of the best performing compared to other available artifact reduc-
tion  methods  (Grouiller 2007).  Nevertheless,  some of  the  commonly  investigated
brain rhythms are typically masked by remaining artifacts appearing in the EEG al-
though artifact reduction methods were applied. It is clear that some of these remain-
ing artifacts are of a type that require a different reduction method, e.g. artifacts re-
lated to vibrations, as the helium pump artifact (Mullinger 2013a, Rothlübbers 2014).
It is also clear, however, that artifact residuals of the gradient and the pulse artifact
are still present after artifact reduction (Figure 2.1). Therefore, the question is: why is
the AAS technique not able to completely remove the artifacts for which it was de-
veloped? One answer is that the assumption on the similarity of adjacent artifact
epochs is violated, meaning that adjacent artifact epochs do not have the same timing
and amplitude. In the case of the gradient artifact, small head motions change the
shape of artifact epochs and leads to the introduction of gradient artifact residuals in
the data (Yan 2009). In the case of the pulse artifact, the violation of the similarity as-
sumption is even worse as this artifact is inherently variable and calculated templates
are only approximations of the artifact epochs (Mullinger 2013b). 

In this study, however, we created perfect conditions for the AAS technique in terms
of gradient and pulse artifact reduction, because we constructed data without any ar-
tifact variation or additional artifacts as eye blink artifacts or power line artifacts.
Nonetheless, we can still observe severe artifact residuals in the reconstructed EEG
after the application of GA-AAS and PA-AAS. The reconstructed EEG clearly differs
from the original artificial EEG in both, time and frequency domain (compare Fig-
ure 2.5 A, Figure 2.5 B and Figure 2.6 A, Figure 2.6 B). This impression is supported
by the only moderate correlation coefficient of 0.6 between the artificial EEG and the
reconstructed EEG. Furthermore, the SNR between the artificial EEG and the artifact
residuals in the reconstructed EEG is -1.6 dB only. This negative SNR implies that
the artifact residuals (Figure 2.5 C and Figure 2.6 C) are greater than the artificial
EEG component, which explains the observation that important brain rhythms as the
alpha rhythm are often not visible in EEG obtained during fMRI. These results are
highly problematic since for EEG analysis we usually assume a correlation of near 1
and a high SNR, since we expect that the reconstructed EEG is the real EEG and
draw our conclusions based on this assumption. 
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One example: The artifact residuals cover the alpha rhythm in the EEG. Although it
is still possible to analyze the differences in alpha rhythm between two settings, the
absolute amplitude cannot be used anymore. 

Cause of the residual artifacts

A comparison of the spectral signatures of the pulse artifact (Figure 2.4 bottom) with
the residual artifacts in the reconstructed EEG (Figure 2.6 C) indicates that the resid-
ual artifacts are remainders of the pulse artifact. Furthermore, the artifact residuals in
the gradient artifact template during GA-AAS (Figure 2.5 D, Figure 2.6 D) are very
similar to those in the reconstructed EEG in time domain as well as in frequency do-
main. For instance, their correlation coefficient in time domain is 0.95. Hence, pulse
artifact remainders are present in the gradient artifact template and consequently, the
remainders are added to the reconstructed EEG during gradient artifact template sub-
traction. Consequently, template corruption is indeed the cause of the artifact residu-
als in the reconstructed EEG. The pulse artifact component in our study has a maxi-
mum amplitude of about 100 µV. According to Allen et al. averaging over 25 epochs
should reduce this amplitude to about 4 µV in the template (Allen 2000). However,
about three pulse artifact epochs are present in every epoch of the gradient artifact.
These single pulse artifact epochs may add up with the pulse artifact epochs of other
gradient artifact epochs during the gradient artifact template construction, because
they are aligned by chance during averaging. This increases the residual pulse artifact
observed in the template by the number of aligned artifacts. We observed residual
pulse artifact amplitudes of up to 20 µV instead of the expected residual pulse arti-
fact amplitudes of about 4 µV.

Allen et al. suggested the use of 25 artifact epochs to calculate the artifact templates
(Allen 2000). Their reason for that number was that 25 epochs should be enough to
reduce artifact residuals in the template to be smaller than the EEG component of in-
terest. However, the number of 25 epochs holds only for single artifacts, for instance
eye blinks, but it does not hold for repetitive artifacts, if they are correlated – at least
temporarily – with the gradient artifact epochs. During GA-AAS, pulse artifacts are
present in every single gradient artifact epoch; therefore, the residual pulse artifact
amplitudes in the gradient artifact template are reduced by approximately a factor of
square-root of the number of the epochs and not by the number of the epochs. Hence,
using 25 epochs in the averaging step implies that pulse artifact amplitudes in the
gradient artifact template are reduced by a factor of √25 (i.e., only by a factor of 5)
and this leads to the residual pulse artifact amplitudes of up to 20 µV that we identi-
fied in the reconstructed EEG.
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Reducing pulse artifact residuals in the gradient artifact template by higher num-
bers of epochs

An obvious solution of the problem of the pulse artifact residuals in the gradient arti-
fact template is  to  use more gradient artifact  epochs in the template construction
process during GA-AAS. For example, we tested 101 gradient artifact epochs and
found a substantial reduction of artifact residuals. The correlation coefficient of arti-
ficial EEG and reconstructed EEG improved to 0.84. The SNR of artificial EEG and
residual artifacts  in the reconstructed EEG improved to 3.8 dB. However,  the in-
creased number of gradient artifact epochs reduces the adaptivity of the AAS tech-
nique. For example, 101 epochs and a scanner time-of-repetition of 2.5 s implies that
4.2 minutes of EEG are included in the averaging for the template creation. Hence, if
motion occurs during that time, all templates that include the gradient artifact epochs
in which the motion occurs will be distorted by the permanent artifact change due to
the motion. Consequently, in real AAS applications with motions of the study partici-
pants, the quality of the artifact template would increase with the number of epochs
up to a certain point and then degrade again. One could formulate this situation as an
optimization problem, dependent on the frequency of the motion. However, an indi-
vidual optimization step per study participant would be necessary, which may be im-
practicable.

Variant of AAS

Interestingly, modifications of the AAS technique that aim at improving the template
quality have already been proposed. Sijbers et al. suggested using median filtering
instead of averaging for the template creation (Sijbers 2000). The median filtering
should mitigate the effects of artifacts in the template. Our experience, however, is
that this  method is somewhat advantageous in the lower frequency range, but in-
creases the gradient artifact residuals in the upper frequency range and as a result we
found no overall benefit.

Gonçalves et al. proposed another modification: weighting epochs by their variance
in the averaging step (Gonçalves 2007). The idea behind this approach is that the ar-
tifact affected EEG epochs have a higher variance than those without artifacts. This
method is  possibly beneficial  if  single artifacts  are present,  but we identified the
pulse artifact as the main contributor to the artifact residuals in the template. The
pulse artifact is present at all times and constantly contributes to the variance. There-
fore,  the weighting step has  virtually  no influence on the  pulse artifact  residuals
found in the gradient artifact template.

Post AAS techniques to improve EEG quality

Beside improving the AAS technique, it is also an option to use additional artifact re-
duction  methods  after  the  AAS technique  to  improve the  EEG quality.  Different
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methods were proposed. One example are linear signal decomposition based tech-
niques. For instance, temporal principal component analysis can be applied to find
and remove residual of the gradient and pulse artifact in the reconstructed EEG (Ni-
azy 2005). This method is known as optimal basis sets technique and it seems that in
comparison to the AAS technique, it is beneficial at lower sampling rates, but it is
less effective for interictal spikes reconstruction (Grouiller 2007). Other linear signal
decomposition techniques are spatial principal component analysis or independent
component analysis (Benar 2003, Srivastava 2005). However, as Niazy et al. already
pointed out  “One problem with these approaches is that they necessitate the pres-
ence of a large number of sensors. Also, the identification of artifact components can
be subjective and is usually done manually. Most importantly, spatial filters assume
that all the sensors are contaminated by common sources, which is not the case. The
BCG artifact  [pulse artifact] derives from sources that are rotating/moving, which
contaminate different sensors at different points during the cardiac cycle with differ-
ent effects.” (Niazy 2005). A different approach to improve the EEG quality is based
on adaptive filtering. Independent recordings of the artifacts or the artifact residuals
are used as input for an adaptive filter to reduce the artifact residuals further. This ap-
proach showed very promising results, but additional hardware – often only available
as  a  prototype  –  is  necessary  and  is  therefore  limiting  this  approach  (Bonmas-
sar 2002, Masterton 2007, Abbott 2014, Steyrl 2017, Steyrl 2018).

Conclusions

Our results reveal a previously unknown source of artifact residuals in EEG of simul-
taneous EEG-fMRI. The AAS technique itself adds artifact residuals to the EEG, al-
though we created optimal conditions for the AAS technique. In particular, pulse arti-
fact residuals that remain in the gradient artifact template are added to the recon-
structed EEG. The artifact residuals mask the commonly analyzed alpha and beta
rhythms of the EEG. Therefore, researchers should be aware that the AAS method
can substantially contaminate the EEG data. In theory, the pulse artifact residuals in
the gradient artifact template can be reduced by using a higher number of gradient ar-
tifact epochs in the averaging procedure. However, this comes at the cost of adaptiv-
ity of the AAS technique. Adaptivity is important in real AAS applications, where
study participants move their heads. The optimal number of epochs for the template
calculation is thus difficult to define. However,  using 25 epochs in the averaging
step, as suggested by Allen et al., results in a low EEG quality. We recommend using
a higher number of gradient artifact epochs. To avoid the loss in adaptivity, we sug-
gest  using a  shorter  time-of-repetition  in  the  MRI scanner  sequence.  However,  a
shorter time-of-repetition potentially leads to unwanted heating of the body tissue or
the EEG equipment and therefore further investigations of this approach are neces-
sary.
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2.2 Primary publication 2: Reduction of EEG Artifacts in Si-
multaneous EEG-fMRI: Reference Layer Adaptive Filter-
ing (RLAF)

[Steyrl 2015] Steyrl D, Patz F, Krausz G, Edlinger G, Müller-Putz GR (2015) Reduc-
tion of EEG Artifacts in Simultaneous EEG-fMRI: Reference Layer Adaptive Filtering
(RLAF). In: Proceedings of the 37th Annual International Conference of the IEEE En-
gineering in Medicine and Biology Society, EMBC15, Milano, Italy, August 25-29, 
pp.3803-3806. https://doi.org/10.1109/EMBC.2015.7319222

As shown in primary publication 1, residual artifacts are still present in the EEG after
applying the AAS method. In fact, the AAS technique is vulnerable to correlated arti-
facts and adds artifacts to the EEG due to PA remainders in the GA subtraction tem-
plates. Chowdhury et al demonstrated that applying the RLAS technique after the
AAS method reduces artifact residuals substantially (Chowdhury 2014). This is plau-
sible as the artifact residuals in the reference-layer recordings are presumably similar
to the artifact residuals in the EEG and a subtraction of the reference-layer signals
from the EEG will mitigate the residual artifacts. However, the reference-layer con-
struction used by Chowdhury et al is not reusable and the entire construction is frag-
ile and cumbersome (Chowdhury 2014). Furthermore, they did not take into account
possible  differences  between  the  artifact  residuals  of  the  reference-layer  and  the
EEG. Therefore, in accordance with the second aim of this thesis, a new artifact re-
duction  technique  was  developed  that  combines  a  robust  EEG  cap  prototype
(GUGER TECHNOLOGIES OG, Graz, Austria) with a built in reference-layer that
allows to record artifacts and EEG with narrow spaced mechanically coupled double
layer electrode pairs (Figure 2.7, A and B) and adaptive filtering to compensate pos-
sible differences. The new technique is referred to as RLAF and – similar to the
RLAS method – it is applied in an additional signal processing step after the AAS
method.

The primary publication 2 is the first publication of a series of three that introduce
and evaluate the RLAF technique. The study had four objectives: (i) To test the han-
dling of the reference-layer EEG cap prototype. (ii) To present the idea of the RLAF
method. (iii) To demonstrate the general feasibility of the RLAF technique. (iv) To
validate the finding of Chowdhury et al regarding the application sequence of the
AAS technique and the RLAS technique and to test whether this findings also apply
to the RLAF method (Chowdhury 2014). Therefore, test measurements were carried
out inside an MRI scanner during fMRI acquisition. The EEG cap prototype was
fixed on a spherical MRI phantom. Artifact reduction was carried out in 5 different
settings. In settings 1 to 3, the artifact reduction techniques AAS, RLAS, and RLAF
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were directly applied to the test-data. In settings 4 and 5, techniques were combined.
In setting 4, the RLAS technique was applied after the AAS method, and in setting 5,
the RLAF technique was applied after the AAS method. Artifact reduction efficacy
was evaluated by the residual power in the test-data after artifact reduction. The MRI
phantom can not emit electromagnetic signals, hence, all signals measured with the
EEG system are artifacts from the MRI scanner. Meaning, the smaller the residual ar-
tifact power, the better the artifact reduction method.

Contribution to this thesis: This study shows that the reference-layer EEG-cap pro-
totype can be applied multiple times. It successfully demonstrates the feasibility of
the RLAF technique and shows that the finding of Chowdhury et al regarding the ap-
plication  sequence  of  RLAS  is  also  valid  for  the  RLAF  technique  (Chowd-
hury 2014). Finally, the study demonstrates that the RLAF method reduces artifacts
more effective than the RLAS technique, at least with the test-data recorded at the
fMRI phantom.

Figure 2.7:  Reference  layer  cap prototype.  A:  Cap prototype mounted on a
head, B: schematics of a reference layer electrode pair.
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2.3 Primary publication 3: Reference layer adaptive filtering 
(RLAF) for EEG artifact reduction in simultaneous EEG-
fMRI

[Steyrl 2017] Steyrl D, Krausz G, Koschutnig K, Edlinger G, Müller-Putz GR (2017) 
Reference layer adaptive filtering (RLAF) for EEG artifact reduction in simultaneous 
EEG-fMRI. Journal of Neural Engineering 14(2):026003. https://doi.org/
10.1088/1741-2552/14/2/026003

After the first successful application of the RLAF method with test-data, the next
step was to evaluate the method on the human EEG. However, insightful evaluations
of artifact reduction techniques with human EEG-data is tricky, since the clean EEG
is not known. Furthermore, an evaluation on humans require the equipment to be
safe. In the case of simultaneous EEG-fMRI, the possible heating of metal objects in
the RF field of the MRI scanner is problematic and it must be ruled out that the heat -
ing is harmful in any way. 

The primary publication 3 is the second publication that introduce and evaluate the
RLAF technique and it had the following two objectives: (i) To assess the heating of
the EEG electrodes of the reference-layer EEG cap prototype. (ii) To evaluate the
performance of the RLAF technique in human EEG. For the assessment of the heat-
ing, temperature measurements were carried out inside the MRI scanner. During the
temperature measurements, MRI sequences with a high specific absorption rate were
applied to establish a worst case scenario. For the evaluation of the artifact reduction
performance in human EEG, it is possible to use the SNRs of well-known EEG activ-
ity after applying artifact reduction techniques as performance metric. For instance,
in primary publication 3, the first EEG activity used as performance metric was oc-
cipital alpha rhythm change induced by closing the eyes. The second was visually
evoked potentials induced by a checkerboard stimulation. A higher SNR means that
the EEG activity is preserved while residual artifacts and noise are reduced. A second
possibility is to use machine-learning techniques to classify EEG activity in the EEG
after artifact reduction and to use the classification accuracy as a measure for EEG
quality. Both approaches does not require clean EEG. Furthermore, in this publica-
tion, an enhanced version of the RLAF technique is introduced. This method uses a
filter-bank  to  split  the  EEG into  predefinded  frequency  bands  and  performs  the
RLAF method then separately for each frequency band. The individual frequency
bands are combined again to obtain EEG with full bandwidth. This method is re-
ferred to as multi band RLAF (MBRLAF). The evaluation was carried out by com-
puting the SNRs and the classification accuracies for 4 different settings (Figure 2.8).
Setting 1 used the EEG after the application of only the AAS technique. Setting 2 in-
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cluded the EEG after the application of the AAS technique and a subsequent applica-
tion of the RLAS method. Setting 3 used the EEG obtained after the application of
the AAS technique and a subsequent application of the RLAF method. Setting 4 in-
cluded the EEG after the application of the AAS technique and a subsequent applica-
tion of the MBRLAF method.

Contribution to this thesis: The temperature measurements confirm the safety of
the reference-layer  EEG cap prototype in  terms of heating.  The investigations of
EEG activity show that all investigated add-on techniques (RLAS, RLAF, MBRLAF)
successfully reduce remaining fMRI related artifacts in human EEG after the applica-
tion of the AAS technique.  In a  direct  comparison, the combination of AAS and
MBRLAF performed best in terms of SNR and classification accuracy, followed by
the combination of AAS with RLAF, and by AAS with RLAS.

Figure 2.8: Signal processing of the different evaluation settings. Panel A: Set-
ting 1, average artifact subtraction (AAS) of the gradient artifact (GA), AAS of
the pulse artifact (PA) with support of electrocardiogram (ECG). Panel B: Set-
ting 2, RLAS method. Panel C: Setting 3, RLAF technique, reference channels
were  adaptively  scaled  before  being  subtracted  from  the  scalp  channels.
Panel D: Setting 4, MBRLAF method.
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2.4 Primary publication 4: Online reduction of artifacts in EEG
of simultaneous EEG-fMRI using reference layer adaptive 
filtering (RLAF)

[Steyrl 2018] Steyrl D, Krausz G, Koschutnig K, Edlinger G, Müller-Putz GR (2018) 
Online reduction of artifacts in EEG of simultaneous EEG-fMRI using reference layer 
adaptive filtering (RLAF). Brain Topography 31(1):129-149. https://doi.org/10.1007/
s10548-017-0606-7

The previous study showed that the RLAF technique is an effective method for the
reduction of artifact residuals that remain in human EEG after the application of the
AAS method. To conclude the comprehensive evaluation of the RLAF technique two
subjects were remaining. Firstly, the online applicability of the RLAF technique was
not yet demonstrated and evaluated and secondly, a comparison with the quality of
EEG obtained in a lab environment (outside the MRI scanner) was missing.

The primary  publication 4 is  the last  publication  that  introduce  and evaluate  the
RLAF technique and had the objective to answer the following two questions: (i) Is it
possible to use the RLAF technique for online artifact reduction and what is the qual-
ity of the obtained EEG compared to an offline artifact reduction? (ii) What is the
quality of the obtained EEG compared to EEG recorded in the lab? The study proto-
col of primary publication 3 was modified to answer this questions. The main modifi-
cation was to record EEG activity twice, first outside the MRI scanner in the lab and
then inside the MRI scanner. Furthermore, the whole signal processing was imple-
mented for online operation. As in primary publication 3, the SNRs of EEG activities
after artifact reduction were used to evaluate the performance of the techniques. Four
different setting were evaluated. Setting 1 included the EEG recorded in the lab. Set-
ting 2 used the EEG after the application the offline variant of the AAS technique.
Setting 3 included the EEG obtained by the online variant of AAS technique. Setting
4 used the EEG obtained by the online version of the AAS technique and a subse-
quent online application of the RLAF method. Furthermore, a new version of the ref-
erence-layer  EEG cap prototype was used,  that  was built  with more robust  elec-
trodes.

Contribution to this thesis: This study shows that the additional application of the
online RLAF technique after the online AAS method improves the EEG quality sub-
stantially and that EEG activity of physiological brain signals are preserved with im-
proved SNR (Figure 2.9). Occasionally, the combination of online AAS and online
RLAF is even able to surpass the EEG quality of the offline AAS technique. Despite
this undoubted progress in the EEG data quality, this publication showed that the
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quality of EEG recorded inside the MRI scanner is still not reaching the quality of
EEG recorded in the lab.

Figure 2.9: Representative examples of visually evoked potentials (VEPs) for
different  pre-processing  and  artifact  reduction  procedures  (average  artifact
subtraction AAS, reference layer adaptive filtering RLAF). Examples are from
participant 4 at electrode POZ. Upper row: single VEPs at electrode POZ (1-
15 Hz). Bottom row: average VEPs at electrode POZ scaled to the EEG noise
amplitude. Hence, VEP amplitude divided by the root-mean-square value of the
(±) reference
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2.5 Secondary publication: Single trial Motor Imagery classifi-
cation in EEG measured during fMRI image acquisition – a
first glance

[Steyrl 2013] Steyrl D, Wriessnegger SC, Müller-Putz GR (2013) Single trial Motor 
Imagery classification in EEG measured during fMRI image acquisition – a first 
glance. Biomedical Engineering / Biomedizinische Technik 58(Suppl.1):1-2. https://
doi.org/10.1515/bmt-2013-4450

Motor-imagery allows the  intentional  modulation of sensory-motor rhythms in the
EEG. An accurate classification of the sensory-motor rhythm modulations establishes
a non-muscular path from the brain to the environment for communication and con-
trol purposes. This work is a pilot study that was conducted to explore the feasibility
of sensory-motor rhythm classification from EEG recorded during concurrent fMRI
to investigate EEG-based BCI control with fMRI. This study had two aims: (i) Com-
parison of the motor-imagery patterns in EEG recorded in a lab environment and in
EEG recorded concurrently with fMRI. (ii) Comparison of the motor-imagery classi-
fication accuracy of EEG recorded in a lab environment and of EEG recorded con-
currently with fMRI.

Contribution to this thesis: This study shows that for the single study participant,
the classification accuracy of sensory-motor rhythm modulations is 22% points lower
in EEG that was recorded inside the MRI scanner, compared to the classification ac-
curacy in EEG that was recorded outside the MRI scanner. This result is also re-
flected in the motor-imagery patterns (Figure 2.10). The patterns are substantially
weaker in the EEG recorded concurrently with fMRI.

Figure 2.10: Sensory-motor rhythm patterns in the EEG. Time 0 indicate start
of motor-imagery. Yellow to red indicate significant less power between right
hand and feet motor-imagery (Lap C3, Bootstrap significance test α=0.01). A:
Patterns  in  EEG  recorded  concurrently  with  fMRI.  B:  Patterns  in  EEG
recorded in the lab environment.
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3 Discussion

“All truths are easy to understand once they are discovered;
the point is to discover them.”

– attributed to Galileo Galilei
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3.1 Overview

This thesis pursued two research objectives. Firstly, identification and analysis of the
causes of remaining artifacts after the application of the AAS method. Secondly, the
development and evaluation of a new artifact reduction technique that is able to re-
duce the remaining artifacts to improve the data quality of EEG recorded simultane-
ously with fMRI. The new method is referred to as RLAF. The results of the analy-
ses, hence, the contributions of the thesis to the existing body of knowledge, are pre-
sented in four primary publication and can be summarized in the following points:

1. Insights into the remaining artifacts after application of the AAS technique
and possibilities for their reduction.

2. Empirical knowledge on handling and safety of the EEG cap prototype with
built in reference-layer and tightly coupled EEG electrodes.

3. Introduction and comprehensive evaluation of the RLAF technique in terms
of its feasibility, application to the EEG, online applicability, and artifact re-
duction efficiency.

3.2 Remaining artifacts after applying the AAS technique

Remainders of fMRI related artifacts are still present in the EEG after the application
of any of the available artifact reduction method. This holds also true for the most
common artifact reduction technique AAS. The AAS technique was designed to re-
duce repetitive artifacts as the GA and the PA. However, especially PA residuals re-
main in the EEG. For instance, the inherent variability of the PA is one cause for PA
remainders, as it leads to a subtraction template misfit and consequently to artifact
residuals. A recent study tackles the PA variability problem by adaptive optimal basis
sets (Marino 2018b). Aside of the residuals caused by the PA variability, the first
study of this thesis revealed a second previously unknown cause of PA residuals after
the AAS method: PA remainders contaminate the subtraction templates during GA
reduction and cause artifact residuals in the EEG because they are added to the EEG
by the subtraction of the templates. During the GA template construction it occurs
that single PA repetitions sum up and remain in the GA templates instead of being re-
moved by averaging. This happens since the GA epoch length is often roughly a
fixed multiple of the PA epoch length. Thus, the GA and the PA are temporary corre-
lated and the correlation cause a violation of the assumption that averaging can pro-
duce a clean artifact template. Hence, the artifact residuals found in this study are ex-
plicitly not caused by the intrinsic variability of the PA, but origin from PA remain-
ders in the GA template due to a temporary correlation of the GA and the PA. One
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possibility to significantly reduce the artifact residuals in the GA subtraction template
is to include more artifact epochs in the computation of the template, because more
epochs reduce the effect of a few aligned PA epochs. However, this approach has the
disadvantage that the AAS methods loses its adaptability to changes in the artifact
shape the more artifact epochs are included in the averaging (Allen 2000). Interest-
ingly, several modifications of the AAS technique that aim at reducing artifacts in the
GA and PA templates were proposed in the past already. For example, Sijbers et al.
proposed the use of median filtering instead of averaging for the template computa-
tion (Sijbers 2000). The median filtering should mitigate the effects of single high
power artifacts in the GA or PA epochs. Preliminary studies in the course of this the-
sis showed that the median filtering does not remove the PA residuals in the subtrac-
tion template. Gonçalves et al. proposed another modification: weighting epochs by
the inverse of their variance in the averaging step (Gonçalves 2007). The idea behind
this approach is that if epochs of the GA or the PA are effected by additional artifacts
then they have a higher variance compared to those without additional artifacts. This
technique is possibly beneficial  if single additional artifacts are present; however,
preliminary studies carried out as part of this thesis showed no benefit in applying
this modification in regard to the PA contaminated templates. 

3.3 From remaining artifacts to reference-layer adaptive filter-
ing

Although the AAS technique has certain weaknesses, it is still one of the most effi-
cient techniques available to reduce the GA and the PA (Grouiller 2007). Modifica-
tions of the AAS technique were presented that try to overcome some of its limita-
tions (Freyer 2009, Marino 2018b). Usually, it is tried to cope with the inherent vari-
ability of the PA. Unfortunately, the modifications are often mutually exclusive. Fur-
thermore, other artifacts e.g. the MA, can not be reduced by the AAS technique by
concept. Therefore, add-on techniques were presented to tackle the remaining arti-
facts after an application of the AAS technique. One example of a very promising
add-on technique is the RLAS method (Chowdhury 2014). Initially, the method was
developed as stand alone technique and became an add-on technique afterwards, as
investigations by Chowdhury et al. showed that this method is very effective in re-
ducing remaining artifacts. What makes the RLAS method particularly interesting is
its capability to reduce any artifact that is represented in the reference-layer record-
ings. This applies to non-repetitive artifacts as well as to residuals of the PA due to
their inherent variability, but also to the PA residuals identified in the first study, be-
cause when the AAS technique is also applied to the reference-layer recordings then
AAS adds the same PA residuals to the reference-layer recordings as to the EEG and
the subsequent subtraction will reduce them. Therefore, it was decided to pursue this
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approach for the new method RLAF, but to enhance it  in two important aspects.
Firstly, a new reference-layer EEG cap prototype was used that has a robust built in
reference-layer, mechanically tightly coupled electrode pairs and that can be applied
several times. Secondly, the subtraction was replaced by adaptive filtering, to com-
pensate possible artifact mismatches between the reference-layer and the EEG.

3.4 The reference-layer EEG cap prototypes

Two versions of the reference-layer EEG cap prototype were deployed in the three
studies regarding the RLAF technique.  The first  version was developed and con-
strued by GUGER TECHNOLOGIES OG, Graz, Austria and was applied first time
by Hermans et al. in a comparison of reference-signal based methods for the removal
of movement related artifacts (Hermans 2016). In the course of this thesis, this cap
was used for the measurements on the MRI phantom and in the first study with hu-
man EEG – primary publications two and three in this thesis. Unfortunately the cap
became unusable afterwards, because the abrasive EEG gel removed the silver layer
of some EEG electrodes and the underlying copper and the remaining silver formed a
half-cell potential that led to a permanent saturation of the EEG amplifier. In cooper-
ation with GUGER TECHNOLOGIES, a second version of the EEG cap prototype
was constructed that use robust silver/silver-chloride sintered electrodes instead of
the silver coating. This version of the EEG cap was deployed in the second study
with human EEG-data – primary publication 4 of this thesis. The design of the cap
prototypes pursued the following goals: safe in terms of heating, reusable reference-
layer for short preparation times, and mechanically close coupling of the electrode
pairs to prevent additional artifacts. In terms of heating through RF-energy absorp-
tion, the cap-prototypes can be considered safe, since the temperature measurements
showed a maximum heating of approximately 1 °C and no study participant reported
a heating of the electrodes. The studies confirmed that the reference-layer construc-
tion is  reusable.  The reference-layer  made of saline water  filled tubes effectively
eliminates the time-consuming construction of a separate agar-gel reference-layers
for every participant as it was deployed by Chowdhury et al. (Chowdhury 2014). In
fact, using the reference-layer caps did not extend the preparation time of the study
participants compared to the preparation time with a standard MRI compatible EEG
cap. The newly designed double-layer electrodes are mechanically tightly coupled
which prohibits any relative motions between the electrodes. No additional artifacts
were found in the course of the studies. Therefore, the design goals for the caps were
achieved. 
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3.5 Reference-layer adaptive filtering in action and its relation 
to the state-of-the-art

All studies conducted in the course of this thesis confirm that the RLAF technique
reduces remaining artifacts in test-data as well as in human EEG substantially, both
offline and online (Steyrl 2015, Steyrl 2017, Steyrl 2018). The found EEG quality
improved was both significant (p<0.01) and relevant (Steyrl 2017). For instance, an
offline application of the AAS technique yields typically a higher EEG quality as an
online application, because in an offline application future EEG-data can be included
in the template construction. However, the combination of online AAS and online
RLAF led to an EEG quality that is comparable with those after an offline applica-
tion of the AAS technique. This EEG quality improvement is an important step to-
wards EEG based neurofeedback and BCIs studies inside an MRI scanner.

The RLAF method does not remove physiological EEG components. On the con-
trary, the SNR as well as the classification accuracy of physiological EEG compo-
nents are improved by the RLAF technique (Steyrl 2017, Steyrl 2018). High quality
physiological components are very important in terms of reliable data processing,
study replicability, study duration (necessary repetitions), and they hold the potential
of new findings. Using the RLAF method is convenient and practical. The only hy-
per-parameter that must be set is the step-size of the adaptive filters. A fixed value of
8×10-7 was found to be a good compromise between adaptation speed and stability of
the adaptive filtering (Steyrl 2018). The chosen step-size allowed the adaptive filters
to successfully adjust the forward model to compensate fast and slow changes in the
relation between artifacts in the reference-signal and in the EEG. Furthermore, the
fast as well as slow changes illustrate again that a one time fit of the forward model
is  not  sufficient  and  that  the  adaptive  filtering  (scaling)  is  indeed  necessary
(Steyrl 2017).

In the course of this thesis, the RLAF technique was tested in its ability to improve
the overall EEG quality. It was not investigated how improvements in single artifact
residuals contribute to the overall improvement. However, Spencer et al. analyzed
MAs  and  found  that  they  are  successfully  reduced  by  the  RLAS  technique
(Spencer 2018). Furthermore, Hermans et al. investigated PA residuals and found that
reference-layer  methods  successfully  reduce  PA remainders  (Hermans 2016).  As
RLAF is also a reference-layer based technique it can be assumed that these findings
are also valid for the RLAF technique. Consequently, the EEG quality improvement
by the RLAF technique is very likely the results of a combination of improvements
in single remaining artifact. This is backed up by the fact that reference-layer tech-
niques are conceptually able to reduce all types of artifacts that are represented in the
reference-layer.

55



Discussion

A comprehensive comparison or review of state-of-the-art artifact reduction methods
would be very important for – and highly appreciated by – the simultaneous EEG-
fMRI community. However, many techniques are in prototype state and require spe-
cial hardware that is often available in one lab only. Furthermore, no standardized
testing protocol for new artifact reduction techniques is available. Finally, test results
can differ between MRI scanner models. Therefore, such a comparison is missing.
However, in the course of this thesis the RLAF method was compared with the AAS
technique  (offline  and  online)  and  the  RLAS  technique  (offline)  (Steyrl 2017,
Steyrl 2018, Allen 1998, Allen 2000, Chowdhury 2014). As already mentioned, the
application of the RLAF method after the AAS technique yields a substantially im-
proved EEG quality. Furthermore, the RLAF technique is generally also superior to
the predecessor technique RLAS, with one exception: the RLAS method showed
slightly better artifact reduction results in the gamma frequency range (Steyrl 2017).
This is caused by a general problematic behavior of time domain least-mean-square
(LMS) adaptive filters when applied to the EEG. The EEG has a 1/f distribution in
the frequency domain, meaning that the most signal power is in the lower frequency
range. LMS adaptive filters minimize the signal power of the error signal – which is
the EEG signal in the RLAF case – and therefore, LMS adaptive filters will fit their
filter weights to the lower frequency range. Especially when the EEG is contami-
nated by PA residuals, because the power of the residuals is also higher in the fre-
quency range below 20 Hz. The adaptation to the lower frequency range can lead to a
misfit in the gamma range and to a slightly lower EEG quality in that range com-
pared to a straight forward subtraction. The use of higher order adaptive filters in-
stead of the deployed first order filters does not provide a solution. An adaptive filter
with order > 1 represents an adaptive band-pass filter that is applied to the artifact
signal (the signal from the reference-layer) before the subtraction. Therefore, adap-
tive filters of a higher order learn a band-pass filter for the lower frequency range
when applied to the EEG and remove the higher frequency components from the ref-
erence-layer signal. The higher frequency components of the reference-layer signal
(the artifacts with higher frequency) are subsequently missing for subtraction and
will stay in the EEG. The MBRLAF technique was developed to compensate this
weakness. This method divides the EEG of each electrode and the associated artifact
signal from the reference-layer into frequency bands and applies a separate adaptive
filter  per frequency band. This approach ensures an optimal scaling for each fre-
quency band and was the best performing technique in the conducted comparisons
(Steyrl 2017). However, the improvement comes at the cost of computational com-
plexity. Therefore, this approach was not used in assessing the online capabilities of
the RLAF approach.
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3.6 Summary and Conclusions

PA residuals in the subtraction templates during GA reduction were found to cause
substantial artifact residuals in the EEG when the AAS method is applied. This cause
was previously unknown and is not a result of artifact variability, but results from an
intrinsic weakness of the AAS technique with correlated artifacts. The studies of this
thesis showed that the RLAF method is an effective technique to substantially reduce
this and other types of artifact residuals in the EEG. The RLAF method improves the
SNR as well as the classification accuracy of physiological EEG components in off-
line and online applications. The ability to reduce all kinds of occurring artifacts in
combination with its easy handling – only small extension of the preparation time,
only one hyper-parameter that does not need tuning – makes the RLAF technique a
candidate for a future gold standard method for artifact reduction in EEG concur-
rently recorded with fMRI.

3.7 Outlook

It is clear that not only the variability of the PA is a major problem for the AAS
method, but also the PA remainders in the GA template. Although it is not yet clear
how to use that knowledge, at least it provides a new starting point for an improve-
ment of the AAS technique.

Currently, the reference-layer EEG cap is available in one size only and the cap is not
adjustable to different head sizes and shapes, as the silicone tubes that establish the
reference-layer have limited flexibility. A customizable design would be highly wel-
come. Furthermore, filling the cap with saline water is currently cumbersome since
air bubbles can stay in the reference layer. The air bubbles can restrict the contact be-
tween the saline water and the electrode which potentially prohibits the interdepen-
dent artifact measurement for single electrode pair. An improved method for filling
the reference-layer would save time.

At time of writing this thesis only one working reference-layer EEG cap prototype is
available which prohibits a broad application of the RLAF method. However, the cap
prototype was designed to be compatible with different EEG recording systems and
the actual adaptive filtering can be implemented in the respective recording software
of the EEG systems. Consequently, if the reference-layer EEG cap is once commer-
cially available,  the RLAF technique can spread fast as existing MRI compatible
EEG recording systems can be upgraded with the RLAF technique.

The MBRLAF technique was developed to overcome the gamma range weakness of
the RLAF method. Due to the higher computational demand, this method was not ap-
plied online. However, consequent parallelization of the band pass filtering and the
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adaptive filtering in the MBRLAF technique should allow an online application in
future. Another option to implements the MBRLAF technique present the use of fre-
quency-domain adaptive filters instead of band-pass filtering and time-domain adap-
tive filters (Shynk 1992). Frequency-domain adaptive filters can provide the same
functionality,  but are computationally more effective due to efficient implementa-
tions of the Fourier transformation (Shynk 1992). Hence, signal processing holds the
potential to improve the (MB)RLAF technique further.
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4  References

“S: How many references do I need to include? P: Well, too
few let people think you’re making thinks up, too many let
people  think  you’re  unoriginal.  S:  So  what  is  the  optimal
number? P: A few.”

– freely adapted from PhD comics
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5 Appendix

“That’s all folks!”

– Looney Tunes cartoons
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Reduction of EEG Artifacts in Simultaneous EEG-fMRI:

Reference Layer Adaptive Filtering (RLAF)*
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Abstract— Although simultaneous measurement of electroen-
cephalography (EEG) and functional magnetic resonance imag-
ing (fMRI) is one of the most valuable methods for studying
human brain activity non-invasively, it remains challenging to
measure high quality EEG inside the MRI scanner. Recently,
a new approach for minimizing residual MRI scanner artifacts
in the EEG was presented: reference layer artifact subtraction
(RLAS). Here, reference electrodes capture only the artifacts,
which are subsequently subtracted from the measurement elec-
trodes. With the present work we demonstrate that replacing
the subtraction by adaptive filtering statistically significantly
outperforms RLAS. Reference layer adaptive filtering (RLAF)
attenuates the average artifact root-mean-square (RMS) voltage
of the passive MRI scanner to 0.7µV (-14.4 dB). RLAS achieves
0.78µV (-13.5 dB). The combination of average artifact sub-
traction (AAS) and RLAF reduces the residual average gradient
artifact RMS voltage to 2.3µV (-49.2 dB). AAS alone achieves
5.7µV (-39.0 dB). All measurements were conducted with an
MRI phantom, as the reference layer cap available to us was
a prototype.

I. INTRODUCTION

Over the last 20 years, simultaneous acquisition of the

electroencephalogram (EEG) and functional magnetic res-

onance imaging (fMRI) has become a very beneficial tech-

nique for studying the human brain’s function non-invasively

[1], [2]. However, simultaneous EEG-fMRI is still challeng-

ing in terms of subject handling and comfort, measurement

reliability, signal quality, signal processing and data inte-

gration [3], [4]. One reason for some of the challenges is

that EEG acquired simultaneously to fMRI is afflicted by a

variety of artifacts.

(1) The gradient artifact (GA) is the most prominent

artifact, with amplitudes up to 5000µV [5]. It is caused by

the gradient switching of the MRI scanner during acquisition

of data. Commonly, the GA is attenuated by average artifact

subtraction (AAS) as proposed in [6]. AAS is especially

successful when EEG data acquisition is synchronized with

the MRI scanner to ensure that the artifact is always sampled

at the same time. A re-positioning of the subject inside the

MRI scanner can help to reduce this artifact [5]. However,

residuals can easily overwhelm the brain signals of interest

[5].

*This research has been partially supported by ENIAC Joint Undertaking
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1D. Steyrl and G. R. Müller-Putz are with the Institute for Knowl-
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OG, Herbersteinstrasse 60, 8020 Graz, Austria patz@gtec.at

(2) After attenuating the GA, a second artifact is visible:

The pulse artifact (PA). It has typically smaller amplitudes

than the GA, but is often more problematic due to its vari-

ability over cardiac cycles. Analyses of this artifact brought

up that it is caused by cardiac-pulse-driven head rotation,

local scalp movements due to the expansion and contraction

of scalp arteries and blood-flow induced Hall voltage [7]. The

problems with this artifact aggravate at higher static magnetic

fields, as the amplitude is directly linked to the field strength.

Again, the most common approach for reducing this artifact

is AAS, but in this case triggered by the electrocardiogram

(ECG) [8]. Like with the residual GA, the remaining PA can

easily mask the brain signals of interest.

(3) Other artifacts also reduce the EEG signal quality.

Electrical noise induced by the scanner’s helium pump is

well known. Further, the MRI scanner’s internal ventilation

system was recently identified to cause specific artifacts

in the EEG [9]. One can circumnavigate this artifacts by

temporarily switching the systems off. However, this is not

desirable since the systems have important roles for a save

operation of the MRI scanner.

New approaches for reducing residual artifacts are re-

quired. One promising new approach is called reference layer

artifact subtraction (RLAS) by Chowdhury et al. [10]. An

electrode positioned at a reference layer, isolated from the

skin but with similar material properties and form, records

a similar artifact as an EEG measurement electrode, if the

electrodes are near to each other (e.g. the reference electrode

on top of the measurement electrode). A subsequent sub-

traction of the artifact from the EEG measurement electrode

unveils the EEG. Chowdhury et al. showed that the GA as

well as the PA can be attenuated and that this approach

can be advantageously combined with the existing AAS

method. However, they concluded that for broader use, ”...it

will be necessary to devise a more robust reference layer

arrangement that is also easier to use...”.

Another group continued with RLAS and presented a

more practical approach with a reusable cap [11]. They

showed that RLAS can outperform optimal basis set (OBS)

artifact correction, which is beside AAS a second popular PA

correction method [12]. However, their approach is still time

consuming, as an individual reference layer construction is

needed for each experiment. Further, the number of available

electrode positions is reduced, since some of them are used

for the PA reconstruction.

Both groups agreed that RLAS can improve EEG signal

quality, especially when combined with AAS. However, a

978-1-4244-9270-1/15/$31.00 ©2015 IEEE 3803
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limiting fact is that the positions of a EEG measurement

electrode and the respective reference electrode are not

the same. Hence, the reference electrode can not capture

exactly the same artifact as the measurement electrode. As

a result, residual artifacts are still present after subtraction.

Here, we want to bring adaptive filtering into play [13].

Adaptive filters find an optimal scaling, in the least-mean-

square sense, for the artifact to subtract. We hypothesize that

residual artifacts should be smaller after adaptive filtering

than after subtraction. We call this approach reference layer

adaptive filtering (RLAF). In this work, we bring evidence

for this hypotheses by presenting artifact correction results

of simultaneous EEG-fMRI measurements with an MRI

phantom.

II. METHODS

A. Reference Layer Cap Prototype

The reference layer cap is a prototype, designed for better

usability and improved wearability compared to the already

presented caps. Ideally, the setup provides enough flexibility

to accommodate to a person’s head, but also applies enough

contact pressure to achieve good signal quality. Another main

target was to provide a setup that is applicable to the subject

within minutes, comparable to standard EEG cap solutions.

To satisfy those requirements, associated scalp/reference

electrodes (forming a pair for signal subtraction) are closely

spaced and also located in a fixed distance to each other so

that artifact inducing effects are similar in both electrodes.

We achieve this by a custom plastics housing that accom-

modates both, the scalp and reference electrode, placed right

on top of each other.

To our experience, the time span in which persons wear

EEG caps during typical experiments is often long enough

to aggravate the effect of perspiration, which in turn has

an impact on the electrical interconnections between the

electrodes and therefore leads to signal changes. Hence,

we replaced the reference layer surface by an electrically

conductive grid so that the head is only covered at the

positions of the electrode pairs. Moreover, by using fluid

inside the grid interconnections one should be able to change

the electrical conductivity of the reference layer. Concerning

the impact of abandoning the continuous reference layer, we

follow the reasonable assumption that a fine-meshed grid

should resemble the electrical properties of a continuous

surface to a sufficiently high degree.

The used prototype for the presented experiments consists

of a grid of scalp/reference layer electrode pairs, arranged in

a traditional 10-20 system.

B. EEG Amplifier and MRI Scanner

A 32 channel MRI compatible EEG amplifier (BrainAmp

MR plus, Brainproducts GmbH, Munich, Germany) was used

for recording, which was synchronized with the gradient

clock of the MRI scanner via TTL pulses to ensure a highly

accurate GA sampling. The sampling rate was 5000 Hz. The

cut off frequency of the high pass filter was set to 0.016 Hz

and was set to 250 Hz for the low pass filter. Voltage range

was set to ± 16.384mV , resulting in a resolution of 0.5µV .

Measurements were conducted inside a 3 T Skyra (Siemens,

Erlangen, Germany) MRI scanner. The scanner was equipped

with a standard 24 channels head coil. When the scanner was

active, an echo planar imaging (EPI) sequence with a time of

repetition (TR) of 2000 ms was running. The EEG amplifier

was positioned at the head end of the scanner, inside the

bore. The electrode cables were fixed with sand bags.

C. MRI Phantom

Since the reference layer cap available to us is a proto-

type, we present measurements with an MRI phantom. The

phantom was a water filled plastic sphere and was positioned

inside the MRI scanner in the head coil. The phantom was

covered with electrolyte paste. The EEG cap was fixed on the

sphere and the EEG measurement electrodes were connected

with the electrolyte paste layer by using more electrolyte

paste.

D. Experiments

First, background noise inside the MRI scanner was

recorded (experiment A). The scanner was passive (no se-

quence running), the helium pump and the ventilation were

running. 200 s of data were recorded.

In the second experiment (experiment B), the MRI scanner

was active (fMRI sequence was running), the helium pump

and the ventilation were running. 590 s of data were recorded.

E. Reference Layer Artifact Subtraction (RLAS)

In a first step, the raw signals were band pass filtered

between 0.5 and 100 Hz (zero phase Butterworth of 8
th

order). Then a sample-by-sample subtraction of the refer-

ence electrodes signal from the corresponding measurement

electrodes signal was performed.

F. Reference Layer Adaptive Filtering (RLAF)

A band pass filter was applied first (0.5 to 100 Hz, zero

phase Butterworth of 8th order). Subsequently, the signal was

adaptively filtered. A first order model was chosen to allow

only an amplitude scaling. The most common least-mean-

square algorithm was chosen for updating filter weights. To

achieve a stable adaptation, the step width of the adaptive

filter was adjusted to the signal amplitude and was chosen

10
−4 for experiment A and 4 × 10

−8 for experiment B.

The desired input was the measurement electrodes signal,

the reference input was the reference electrodes signal and

the output of the filter was the residual error term.

G. Average Artifact Subtraction (AAS)

The ready to use implementation of AAS in BrainVision

Analyzer 2.1 (BrainProducts GmbH, Munich, Germany) was

used. Volume onsets were determined by the recorded TTL

triggers. All recorded volumes were used for average tem-

plate calculation.
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TABLE I

MEDIAN (MDN), AVERAGE (AVG) AND STANDARD DEVIATION (SD) OF THE 16 EEG MEASUREMENT ELECTRODES (EEG) RMS VOLTAGES, THE 16

REFERENCE ELECTRODES (REF) RMS VOLTAGES, AFTER SUBTRACTION OF THE RESPECTIVE REFERENCE FROM THE MEASUREMENT ELECTRODES

(RLAS), AFTER ADAPTIVE FILTERING (RLAF) AND AFTER AVERAGE ARTIFACT SUBTRACTION (AAS). REDUCTION OF RMS VOLTAGES BETWEEN

EEG MEASUREMENT ELECTRODES AND AFTER SUBTRACTION OF REFERENCE SIGNAL (RLAS/EEG) IN dB. REDUCTION OF RMS VOLTAGES

BETWEEN EEG MEASUREMENT ELECTRODES AND AFTER ADAPTIVE FILTERING (RLAS/EEG) IN dB. REDUCTION OF RMS VOLTAGES BETWEEN

EEG MEASUREMENT ELECTRODES AND AFTER AAS (AAS/EEG) IN dB.

EEG REF RLAS RLAF AAS RLAS/EEG RLAF/EEG AAS/EEG

µV µV µV µV µV dB dB dB

Experiment A:
Scanner passive

MDN 3.54 3.84 0.74 0.67 n.a. -13.4 -14.0 n.a.

AVG 3.88 4.00 0.78 0.70 n.a. -13.6 -14.4 n.a.

SD 1.47 1.57 0.14 0.09 n.a. 2.7 3.1 n.a.

Experiment B1:
Scanner active

MDN 595.4 541.8 111.8 74.2 5.8 -17.2 -19.5 -40.6

AVG 665.2 661.5 112.5 71.3 5.7 -13.5 -18.0 -39.0

SD 470.6 420.3 50.2 36.2 2.2 10.0 10.5 6.3

Experiment B2:
Scanner active,
after ASS

MDN 5.8 4.8 2.5 2.4 n.a. -6.7 -7.0 n.a.

AVG 5.7 5.3 2.5 2.3 n.a. -7.8 -8.4 n.a.

SD 2.2 2.3 1.1 1.1 n.a. 4.7 4.7 n.a.

Fig. 1. Spectral density estimates for measurement channel at position
C3, reference channel at position C3, after sample-by-sample subtraction
(RLAS) and after adaptive filtering (RLAF). No MRI sequence was running
(passive).

III. RESULTS

A. Experiment A

Root mean square (RMS) voltages of the recorded mea-

surement channels were calculated. These values were com-

pared to RMS voltages of the measurement channels after

RLAS and after RLAF.

Table I summarizes the results. The difference between

RLAS and RLAF (on average 0.8 dB) is statistically signifi-

cant (paired t-test, p = 0.0012, RLAS vs RLAF, experiment

A, Table I). Fig. 1 shows representative spectral density

estimates when no sequence was running (scanner was

passive, channel C3).

Fig. 2. Spectral density estimates for measurement channel at position
Cz, reference channel at position Cz, after sample-by-sample subtraction
(RLAS), after adaptive filtering (RLAF) and after ASS with subsequent
adaptive filtering (AAS+RLAF). An fMRI sequence was running (active).

B. Experiment B

RMS voltages of the recorded measurement channels were

compared to RMS voltages of the measurement channels

after RLAS and after RLAF (experiment B1). In a further

comparison, the AAS was performed first and RLAS and

RLAF were applied in a second step (experiment B2).

The results of experiment B1 are summarized in Table I

and Fig. 2. The difference between RLAS and RLAF (on

average 4.5 dB) is statistically significant (paired t-test, p =

0.0012, Table I, experiment B1, RLAS vs RLAF).

Table I and Fig. 2 also show the results of Experiment

B2. After AAS, the difference in subtraction and adaptive

filtering (on average 0.6 dB) is statistically significant (paired

t-test, p = 0.002, Table I, experiment B2, RLAS vs RLAF).
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IV. DISCUSSION

A. Experiment A

We measured the electromagnetic noise inside a passive

MRI scanner (no sequence running) and found artifacts

(see Fig. 1, starting at approximately 15 Hz) which seem

to be identical with helium pump and ventilation artifacts

[9]. These artifacts degrade the signal-to-noise-ratio (SNR)

and hinder accurate EEG analysis of higher frequencies in

simultaneous EEG-fMRI [9].

RLAS is a good starting point for attenuating the passive

MRI scanner noise. It reduces the RMS voltage on average

by -13.6 dB. Also when looking at the spectra (Fig. 1), the

passive MRI scanner artifact is highly attenuated. Hence,

RLAS is not only beneficial for reducing the GA and the

PA [10], [11], but also for reducing passive MRI scanner

noise.

However, adaptive filtering is able to reduce the passive

scanner noise further. RLAF achieves an average artifact

attenuation of -14.4 dB, which is an improvement of 0.8 dB

over RLAS. As visible in Fig. 1, RLAF is more effective

between 10 Hz and 50 Hz compared to subtraction. The first

order adaptive filter model scales the reference signal to fit

best to the measurement signal and therefore compensates

for small differences between artifacts in measurement and

reference channels caused by location differences. The per-

formance of RLAF is impressive, as the residual artifact

RMS voltage of 0.7µV is near to the amplifiers resolution

of 0.5µV .

B. Experiment B

Artifacts induced by active MRI scanners (GA) are huge

[6]. We perceived amplitudes up to 1500µV . The induces

artifacts are similar in measurement and reference layer

channels (see spectra in Fig. 2). RLAS reduces the artifacts

average RMS voltage by -13.5 dB, which is similar to the

reduction achieved in experiment A.

RLAF improves the artifact attenuation further and

achieves a damping of -18.5 dB. This improvement is also

visible in the spectra (see Fig. 2).

However, artifact attenuation achieved by RLAS or RLAF

is not sufficient. A minimal average residual artifact RMS

voltage of 71.3µV is too high for satisfactory EEG analyses.

For example, AAS achieves 5.7µV . The reference layer

approach alone is not able to reduce the GA to a level that

EEG can be satisfactorily analyzed. This findings are in line

with [10].

Luckily, RLAS and RLAF can be combined with AAS.

Chowdhury et al. [10] demonstrated that combining AAS

with RLAS is superior to AAS alone. Our results replicate

their findings. AAS alone results in residual artifact RMS

voltage of 5.7µV . A following RLAS improves the average

residual artifact RMS voltage to 2.5µV . This average resid-

ual RMS voltage is even smaller than the average artifact’s

RMS voltage of a passive MRI scanner.

However, RLAF is able to improve the efficacy of RLAS

again. AAS followed by RLAF reduces the average residual

artifact RMS voltage to 2.3µV . This is an improvement of

0.6 dB compared to RLAS and an overall attenuation of the

average MRI artifacts of 49.2 dB (from 665.2µV to 2.3µV ).

Fig. 2 shows the artifact spectrum after combining AAS and

RLAF for artifact suppression. Although the artifact is still

visible, all frequency components of the artifact are now

below -10 dB.

V. CONCLUSION

With this work, we show for the first time, that reference

layer adaptive filtering (RLAF) statistically significantly im-

proves the RLAS approach for reducing EEG artifacts during

simultaneous fMRI. The efficacy of RLAF was shown for

passive MRI scanner artifacts (helium pump and ventilation

noise) and for the residual GA after AAS with measure-

ments on an MRI phantom. The next step will be to make

measurements with humans for investigating the influence of

the RLAF approach on known EEG patterns.
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Abstract

Objective. Simultaneous electroencephalography (EEG) and functional magnetic resonance 

imaging (fMRI) combines advantages of both methods, namely high temporal resolution of EEG 

and high spatial resolution of fMRI. However, EEG quality is limited due to severe artifacts 

caused by fMRI scanners. Approach. To improve EEG data quality substantially, we introduce 

methods that use a reusable reference layer EEG cap prototype in combination with adaptive 

filtering. The first method, reference layer adaptive filtering (RLAF), uses adaptive filtering with 

reference layer artifact data to optimize artifact subtraction from EEG. In the second method, 

multi band reference layer adaptive filtering (MBRLAF), adaptive filtering is performed on 

bandwidth limited sub-bands of the EEG and the reference channels. Main results. The results 

suggests that RLAF outperforms the baseline method, average artifact subtraction, in all settings 

and also its direct predecessor, reference layer artifact subtraction (RLAS), in lower (<35 Hz)  

frequency ranges. MBRLAF is computationally more demanding than RLAF, but highly 

effective in all EEG frequency ranges. Effectivity is determined by visual inspection, as well as 

root-mean-square voltage reduction and power reduction of EEG provided that physiological 

EEG components such as occipital EEG alpha power and visual evoked potentials (VEP) are 

preserved. We demonstrate that both, RLAF and MBRLAF, improve VEP quality. For that, 

we calculate the mean-squared-distance of single trial VEP to the mean VEP and estimate 

single trial VEP classification accuracies. We found that the average mean-squared-distance is 

lowest and the average classification accuracy is highest after MBLAF. RLAF was second best. 

Significance. In conclusion, the results suggests that RLAF and MBRLAF are potentially very 

effective in improving EEG quality of simultaneous EEG-fMRI.

Highlights

We present a new and reusable reference layer cap prototype for simultaneous EEG-fMRI

We introduce new algorithms for reducing EEG artifacts due to simultaneous fMRI

The algorithms combine a reference layer and adaptive filtering

Several evaluation criteria suggest superior effectivity in terms of artifact reduction

We demonstrate that physiological EEG components are preserved
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Introduction

Electroencephalography (EEG) as well as functional magn-

etic resonance imaging (fMRI) are standard tools for non-

invasive functional brain imaging (Michel and Murray 2012, 

Norris 2006). EEG captures electrical potentials at the scalp, 

whereas fMRI captures blood oxygenation level dependent 

(BOLD) signals in the brain (Ogawa et al 1990, Niedermeyer 

and Lopes da Silva 2005). These two techniques have comple-

mentary characteristics: EEG has a high temporal resolution 

in the range of milliseconds, while fMRI has a high spatial 

resolution in the range of millimeters and is also capable of 

measuring activity in deep brain regions (He et al 2011, Laufs 

2012). Concurrent measurement of EEG and fMRI allows 

benefitting from the advantages of both methods (Huster 

et  al 2012, Uludag and Roebroeck 2014). This combina-

tion is often termed as simultaneous EEG-fMRI (Ritter and 

Villringer 2006).

Several aspects of simultaneous EEG-fMRI, however, 

remain challenging (He et al 2011). One technical challenge 

is the existence of a complex mutual influence of these two 

methods, when applied simultaneously. On the one hand, 

EEG electrodes reduce static magnetic field homogeneity of 

MRI scanners, which in turn influences MRI signal quality 

negatively. MRI signal quality is worsened on the scalp and 

in the brain, however, the impact is negligible on the fMRI 

BOLD signal (Bonmassar et al 2001, Luo and Glover 2012). 

On the other hand, MRI scanners cause several serious arti-

facts in EEG signals during standby and during their opera-

tion. EEG artifacts due to simultaneous fMRI can in principle 

be reduced by adequate signal processing methods. The means 

for obtaining high quality EEG in simultaneous EEG-fMRI, 

however, are still an issue of ongoing research (Mulert and 

Lemieux 2010, Mullinger and Bowtell 2011). In this work, 

we present a new EEG cap in combination with new artifact 

reduction methods to improve EEG signal quality substanti-

ally. Before we go into details of our work, we recap EEG 

artifact characteristics and illustrate difficulties which hinder 

a straightforward artifact reduction.

 (1) The most prominent artifact is the gradient artifact (GA). 

It is caused by induction in the leads of EEG electrodes 

due to magnetic field gradient switching during fMRI 

data acquisition (Allen et al 2000). The GA amplitudes 

are 2–3 orders of magnitude higher than the underlying 

EEG which masks the EEG completely (Allen et al 2000, 

Mullinger et al 2011). Analysis in the frequency domain 

reveals a coverage of the whole frequency range. An axial 

repositioning of study participants out of the MRI scan-

ner’s iso-center as well as an optimized routing of leads 

to minimize loops help to reduce the impact of the GA 

(Mullinger et al 2011, Jorge et al 2015a). However, signal 

processing based GA reduction is absolutely essential 

for achieving acceptable EEG signal quality. The most 

common GA reduction method is average artifact sub-

traction (AAS) (Allen et al 2000). It exploits the repetitive 

nature of the GA. For each EEG channel separately, EEG 

data are segmented into artefact epochs and subsequently, 

an artifact template is computed through averaging over 

artifact epochs. Finally, artifact templates are subtracted 

from each artifact epoch to unveil the underlying EEG 

signal. Synchronization of the EEG sampling with the 

MRI scanner clock ensures that the GA is always sampled 

at the same times per epoch and hence improves quality 

of artifact templates (Mullinger et  al 2008). However, 

even a slight motion of the study participant alters the 

shape of the GA and therefore the template fit will be 

impaired. Hence, residuals of the GA with magnitudes in 

the range of EEG signals may occur even after AAS.

 (2) After attenuating the GA or when the MRI scanner is 

not operating, a second EEG distortion is visible, the 

ballisto-cardiogram artefact or pulse artifact: an artifact 

in synchrony with the cardiac-pulse-cycle. To emphasize 

its coupling with the cardiac-pulse-cycle, we stick to the 

name pulse artifact (PA) throughout this work. The PA 

has two main causes: on the one hand, slight electrode 

motions in the static magnetic field, like cardiac-pulse-

driven head rotations and local scalp motions due to the 

expansion and contraction of scalp arteries, and on the 

other hand, blood-flow induced Hall voltage (Bonmassar 

et al 2002, Mullinger et al 2013a). The contribution of the 

Hall effect to the PA, however, is small compared to the 

contribution of electrode motions (Mullinger et al 2013a). 

Amplitudes of the PA increase with field strength, making 

the artifact more problematic in modern MRI scanners 

with their very strong static magnetic fields of 3–7 T 

(Debener et al 2008, Mullinger et al 2013a). The PA can 

have amplitudes greater than 50 µV at 3 T and has its 

largest components in lower frequency ranges up to ~30 

Hz (Allen et al 1998, Debener et al 2007, Debener et al 

2008). AAS is again the most common method to tackle 

this artifact (Allen et al 1998). Simultaneously recorded 

electrocardiogram (ECG) data are used to find epochs of 

the PA in EEG. Separate PA templates are computed for 

each EEG channel and subsequently subtracted from PA 

epochs. However, the cardiac cycle inherently varies over 

time, and therefore the PA varies too, which in turn limits 

the success of the AAS method, since artifact templates 

only approximately fit the PA. Like with residuals of the 

GA, PA residuals are in the same order of magnitude as 

EEG signals. Moreover, PA residuals mask brain signals 

more profoundly than GA residuals since they are in the 

same frequency band as the brain signals.

J. Neural Eng. 14 (2017) 026003

88



Appendix

D Steyrl et al

3

 (3) Another source of artifacts in the EEG of simultaneous 

EEG-fMRI is the helium pump of the coolant system of 

the MRI scanner (Mullinger et al 2013b, Nierhaus et al 

2013). This helium pump artifact (HPA) has not been 

sufficiently studied yet. Its shape and strength varies and 

is heavily dependent on the MRI scanner itself (Nierhaus 

et al 2013, Rothlübbers et al 2014). In frequency domain 

analysis, the HPA shows several prominent peaks with 

amplitudes of up to ~1 µV Hz−1 ranging from ~45 Hz to 

~55 Hz and from ~90 Hz to ~115 Hz. It is not yet popular 

to apply HPA reduction methods, although at least one 

method has been published (Rothlübbers et al 2014).

 (4) The internal ventilation system of MRI scanners has 

recently been identified as an additional source of specific 

artifacts in the EEG (Nierhaus et al 2013). In frequency 

domain analysis, Nierhaus et al found prominent peaks at 

~37 Hz and at ~42 Hz depending on the ventilation level 

of the MRI scanner. Amplitudes of up to 20 µV can occur 

(Nierhaus et al 2013). The exact shape of the ventilation 

artifact (VA) is most likely specific to a particular MR 

scanner make or model (Nierhaus et  al 2013). To our 

knowledge, this artifact has not been well studied yet and 

therefore, no dedicated VA reduction method is available. 

Of course, it is possible to circumnavigate these two last 

mentioned artifact types (3, 4) by temporarily switching 

the helium pump and ventilation system off. However, 

this is not desirable, since these systems have important 

roles for a save operation of the MRI scanner and for the 

comfort of the study participant.

 (5) The motions of study participants cause strong artifacts 

in the EEG due to Faraday’s law of induction in the static 

magnetic field of the MRI scanner. Shape and amplitudes 

of motion artifacts (MA) are not predictable and can easily 

superimpose EEG signals (van der Meer et  al 2010). 

Several methods to reduce this kind of artifacts have been 

proposed (Bonmassar et al 2002, Masterton et al 2007, 

van der Meer et al 2010, Abbott et al 2014, Jorge et al 

2015b). Most of them attempt to capture MA separately 

to subsequently subtract them from EEG. The motions 

of study participants are problematic in two senses. First, 

they induce artifacts. Second, they also limit the success 

of artifact reduction methods based on the repetitiveness 

of artifacts, because their shape will change with the posi-

tion of the study participants.

These very different artifact characteristics combined with 

the need for EEG quality improvements have pushed the 

development of a variety of artifact reduction methods over 

the past decade. Beside AAS, optimal basis sets (OBS) artifact 

reduction (Niazy et al 2005, Wu et al 2016) and independent 

component analysis artifact reduction are also popular at 

the present time (Srivastava et  al 2005, Briselli et  al 2006, 

Mantini et al 2007, Ritter et al 2007, Vanderperren et al 2010, 

Abreu et al 2016). Other methods, for example based on beam 

former, singular value decomposition, linear predictors, inde-

pendent vector analysis and dictionary learning, have been 

published and can outperform popular methods under certain 

conditions (Brookes et al 2008, Liu et al 2012, Ferdowsi et al 

2013, Abolghasemi and Ferdowsi 2015, Acharjee et al 2015). 

Generally, each method has its merits and caveats and an 

optimal choice is tricky. Preferably, one would like to have a 

method at hand that reduces as many as possible of the afore-

mentioned artifacts in one step.

Chowdhury et  al published new investigations on a very 

promising approach that was invented by a no longer existing 

company named Alatheia Ltd (Chantilly, VA, USA) in their 

‘fEEG’ system (Dunseath et  al 2009, McGlone et  al 2009, 

Chowdhury et al 2014). This approach is conceptually able to 

tackle all occurring artifacts at once. The idea is to capture all 

kinds of artifacts at the head at once and subtract them from 

the EEG. Chowdhury et al used agar and PVC film to build 

a reference layer for the head, which is electrically isolated 

from the scalp, but has similar electrical properties and shape. 

They used electrode pairs, where one electrode is capturing 

the artifact afflicted EEG at the scalp (scalp electrode), while 

the other is capturing artifacts at the reference layer (refer-

ence electrode). Electrodes of a pair are closely spaced, refer-

ence electrodes on top of scalp electrodes, separated by PVC 

film only. Hence, it can be assumed that artifacts captured by 

an electrode pair are similar and a subsequent subtraction of 

artifacts from the artifact afflicted EEG unveils the under-

lying true EEG. Since this approach makes use of a reference 

layer and subsequent artifact subtraction it is termed as refer-

ence layer artifact subtraction (RLAS). Generally, RLAS can 

effectively attenuate all kinds of artifacts that are captured 

by reference electrodes. It was demonstrated that RLAS out-

performs AAS in terms of GA and PA attenuation when MA 

are present (~1 dB lower root-mean-square (RMS) voltages) 

and that RLAS is even more effective when combined with 

AAS as pre-processing step (min. ~7 dB lower RMS voltages) 

(Chowdhury et al 2014).

We identified two components of the RLAS approach that 

can be optimized. First, the reference layer itself was cumber-

some, unstable and not reusable. Chowdhury et al concluded 

that for broader use, ‘…it will be necessary to devise a more 

robust reference layer arrangement that is also easier to 

use…’ (Chowdhury et al 2014). Second, artifacts captured by 

electrode pairs are similar, but not equal, because of the fol-

lowing reasons: (i) electrodes of a pair cannot be positioned at 

the exact same place, (ii) electrodes of a pair can move differ-

ently, since they are not mechanically coupled, (iii) the shape 

of the reference layer cannot be totally equal to the shape of 

the head of course, and (iv) impedances of electrode pairs 

can differ. Consequently, residuals are present after artifact 

subtraction. However, due to Faraday’s law of induction, it 

is valid to assume a linear relationship between artifacts cap-

tured at the reference layer and artifacts captured at the scalp, 

but the relationship can change over time, since for example 

the impedances can change (Yan et al 2010, Jorge et al 2015b). 

Adaptive filters, correctly applied, find an optimal scaling for 

the artifact to subtract and adapt the scaling over time to meet 

the optimization criterion (Haykin 1986).

Hence, we introduce a new reference layer cap prototype 

and present artifact reduction methods that replace the subtrac-

tion of the original RLAS approach with adaptive filtering. We 

name this approach reference layer adaptive filtering (RLAF). 
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We also incorporate ideas of other groups, but our approach 

is substantially different to already published methods. (i) In 

contrast to Xia et al, Luo et al, Chowdhury et al, we filter elec-

trode pair signals adaptively (Xia et al 2013, Chowdhury et al 

2014, Luo et al 2014). Hence, reference layer electrode sig-

nals are not only just subtracted from scalp electrode signals, 

but are adaptively scaled before subtraction. (ii) We introduce 

a new, truly reusable reference layer cap prototype, which 

is equipped with mechanically tightly coupled and narrow 

spaced electrode pairs. The coupling ensures that electrodes 

of a pair can only move together, meaning that all electrode 

motion related artifacts are equally captured by both elec-

trodes. This is in contrast to Masterton et al, Xia et al, Luo 

et al, Jorge et al and van der Meer et al, where reference elec-

trodes are able to move independently of the scalp electrodes 

due to their separate placing (Masterton et al 2007, Xia et al 

2013, Luo et al 2014, Jorge et al 2015b, van der Meer et al 

2016). (iii) the electrode pairs of our cap provide reference 

electrode signals without occupying scalp electrode positions, 

hence all EEG positions are available to enable high density 

EEG recording. In Xia et al, Luo et al and Jorge et al elec-

trodes occupy scalp electrode positions (Xia et al 2013, Luo 

et al 2014, Jorge et al 2015b). (iv) The electrode pairs pro-

vide a dedicated reference electrode signal per scalp electrode 

and avoid a reference signal construction that is based on the 

assumption that individual reference signals can be calculated 

by a linear combination of a few distributed reference elec-

trode signals, as assumed in Xia et al (2013), Luo et al (2014), 

Jorge et al (2015b) and van der Meer et al (2016).

We already presented a proof-of-concept of our RLAF 

approach with a spherical fMRI phantom in Steyrl et  al 

(2015). Within this work, we present details on the reference 

layer cap prototype. We show that adaptive filtering instead of 

subtraction potentially improves the reference layer approach. 

We evaluate the RLAF artifact reduction method on simul-

taneous EEG-fMRI data of humans with regard to EEG data 

quality enhancement. For this purpose we show time courses 

of the EEG after artifact reduction methods, we analyze EEG 

root-mean-square voltage changes and EEG power reduction, 

we demonstrate that both, evoked and induced EEG activity 

are preserved, and that single-trial quality of event related 

potentials is improved. We compare our RLAF results with 

its direct predecessor RLAS and with the most common arti-

fact reduction method AAS. And finally, we present a new 

extension of the RLAF approach named multi band reference 

layer adaptive filtering (MBRLAF), which performs adaptive 

filtering on bandwidth limited sub-bands of the EEG and the 

reference channels to potentially improve RLAF further.

Materials and methods

Participants

Two volunteers (both female, 25 and 23 years old) partici-

pated in this experiment which was performed in accordance 

with the Declaration of Helsinki and was approved by the 

local ethics committee. Participants had medical histories 

free of neurological problems and were not under medication. 

They were fully informed about the objectives of the experi-

ment and gave consent for participation before taking part.

Experiment description

The experiment was designed to evaluate evoked responses 

(visual evoked responses) and induced responses (alpha-

rhythm changes). After EEG cap setup and instructions the 

participants lay in the MRI scanner, while looking at a mon-

itor via a head coil mounted mirror. The monitor was posi-

tioned at the foot end of the scanner. The participants were 

asked to remain as still as possible during the experiment. In 

the first part of the experiment, the participants underwent 

inverse checkerboard stimuli to trigger visual evoked poten-

tials (VEP). The checkerboard had 8  ×  8 square black and 

white fields with a centered red dot, was scaled to the size of 

the monitor and was inverted after a randomized duration of 

0.5s–0.6s. EEG data of 1200 inversions were collected, which 

lasted approximately 11 min. In the second part, 10 min of 

resting EEG was recorded to allow analysis of induced activity 

changes between eyes open and eyes closed. The participants 

were instructed to close their eyes, but not to fall asleep. The 

total duration of the experiment was approximately 70 min, 

including 40 min cap preparation and instructions, 20 min 

measurement, 10 min additional time for handling.

Reference layer cap prototype

The reference layer cap used in this study was a prototype 

developed by GUGER TECHNOLOGIES OG, Austria (pat-

ents pending), see figure 1 panel A and B. It consists of 30 

double-layer electrode pairs and 2 additional ECG electrodes. 

Twenty-nine electrode pairs for capturing EEG and one 

electrode pair as common ground/reference electrode. Each 

electrode has two C-shaped silver-coated contact areas with 

a diameter of 2.5 mm. The electrode contacts of each elec-

trode are placed on both sides of a corresponding printed cir-

cuit board (PCB) with a thickness of 1 mm and a diameter of 

9 mm. The PCBs are mounted into isolating plastic electrode 

housings which are sealed with epoxy resin. The plastic hous-

ings have a diameter of approximately 14 mm and are approx-

imately 8 mm thick. The inner electrode contacts connect to 

the subject’s scalp via conductive electrode gel (scalp layer) 

and the outer electrode contacts connect to a grid made of sili-

cone tubes which is filled with physiological saline solution 

(reference layer). For a schematic representation of an elec-

trode see figure 1 panel C. The reference layer is galvanically 

isolated from the scalp layer, only at the common ground/

reference electrode both layers are galvanically connected to 

each other, see figure 1 panel C and D. All electrode contacts 

(scalp layer and reference layer) are equipped with 5 kΩ non-

magnetic current limiting resistors which are built in the elec-

trodes. Wire pairs run from each electrode pair to a coupling 

board allowing the connection of the cap to the EEG recording 

system. Each wire at the coupling board is also equipped with 

a 5 kΩ current limiting resistor. The distance between the cou-

pling board and the cap is about 50 cm (see figure 1 panel B). 

Two additional leads run from the coupling board to the cap 
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and down to the back of study participants to connect to two 

self-adhesive MRI compatible ECG electrodes (see figure 1 

panel D). The complete positioning of electrodes according to 

the international extended 10/20 system is shown at figure 1 

panel D. To prevent pain resulting from head weight resting 

on a few electrodes, we putted foam pads in between of the 

occipital electrodes to distribute the weight, see figure 1 panel 

E. Temperature measurements were conducted before the cap 

was used on human. The cap was mounted on a spherical, 

electrode gel covered fMRI phantom. fMRI compatible heat 

sensors measured the temperature directly in the connecting 

gel between phantom surface and electrode. No heating above 

1 °C was found during SAR intensive sequences. Hence, we 

consider the construction as safe concerning the heating due 

to the switching magnetic fields.

fMRI scanner and EEG recording system

Functional MRI data were acquired on a Siemens Skyra 3.0 T 

(Siemens, Erlangen, Germany) at the MRI-Lab Graz (Austria) 

using a 20 channel head coil. The helium pump was active, 

ventilation was set to lowest level possible. A standard EPI 

sequence was implemented (TR  =  2000 ms, TE  =  24 ms, 

base resolution  =  64, 3.5  ×  3.5  ×  3.5 mm³ voxel size, no gap, 

Figure 1. Reference layer cap prototype. Panel A: rendering of the reference layer cap prototype. Panel B: actual cap with cabling. Panel 
C: principle of a reference layer electrode pair. Panel D: cap layout with electrode positions in the extended 10/20 system. The common 
ground/reference electrode is colored yellow. The ECG electrodes are colored red. Panel E: cap equipped with foam pads for comfort.
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34 slices, field of view  =  224  ×  224). The fMRI data are not 

reported in this work.

EEG and ECG were recorded with a 64 channel MRI com-

patible EEG system (BrainAmp MR plus, Brain Products 

GmbH, Gilching, Germany). The EEG amplifier was posi-

tioned inside the borehole at the head end of the scanner on 

a wooden panel. Cables and amplifier were fixed with sand 

bags. All settings of the amplifier were according the manu-

facturer’s recommendations. The sampling rate was 5 kHz, 

cutoff frequency of the hardware high pass filter was set to 

0.016 Hz and cut off frequency of the hardware low pass filter 

to 250 Hz. The voltage range was  ±  16.384 mV, resulting in a 

resolution of 0.5 µV/bit. The EEG system clock was synchro-

nized with the gradient clock of the MRI scanner via the Brain 

Products SyncBox device to ensure a highly accurate GA 

sampling. Sync status was monitored. BrainVision Recorder 

(Brain Products GmbH, Gilching, Germany) software version 

1.20.0802 was used for data recording. All data processing 

was performed offline, after the recording.

EEG data preprocessing

All 29 possible electrode pairs of the reference layer cap were 

recorded for each participant, but one pair of participant 1 

(position Cz) and two pairs of participant 2 (position FC6 

and CP2) had to be rejected due to electrode lift off during 

the experiment. Hence, signals of 55 of the 58 electrode pairs 

were taken for further analysis. In line with Chowdhury et al 

and Jorge et  al but also due to our own pre-analysis, AAS 

was used as pre-processing step to reference layer methods 

(Chowdhury et al 2014, Jorge et al 2015b). Pre-processing 

was carried out offline for each electrode signal separately 

using BrainVision Analyser software (Brain Products 

GmbH, Gilching, Germany) version 2.1.1.327 and MATLAB 

(Mathworks Inc., Natick, MA, USA) version 2012b. Figure 2 

panel A presents a schematic overview on the pre-processing. 

Pre-processing included the following steps: (i) Signal off-

sets were removed by applying a high pass filter (Butterworth 

zero phase) with a cut-off of 1 Hz and 48 dB/oct damping.  

(ii) The next step was GA reduction with AAS as implemented 

in BrainVision Analyser. During data recording the MRI 

scanner was sending markers whenever a new volume and 

hence a new GA started. These markers were used to divide 

the signal into GA epochs. A sliding average artifact template 

approach was chosen, which calculated GA templates sepa-

rately for each epoch from 100 adjacent artifact epochs, 50 

before and 50 after. This approach can be beneficial if slight 

changes in the artifact epochs occur. GA templates were 

subsequently subtracted from signals and all signals were 

down sampled to 250 Hz. (iii) PA reduction, the third step, 

was carried out with AAS as implemented in BrainVision 

Analyser software. The software supports a semiautomatic 

mode, where R-peaks are detected automatically in dedicated 

ECG recordings, manually adjusted and then used to divide 

Figure 2. Signal processing chain. Panel A: the pre-processing chain included high pass filtering (HP), average artifact subtraction (AAS) 
of the gradient artifact (GA), AAS of the pulse artifact (PA) with support of electrocardiogram (ECG) data and notch filtering. Panel B: 
in RLAS, reference channels were subtracted of scalp channels. Panel C: in RLAF, reference channels were adaptively scaled before 
being subtracted from the scalp channels. Panel D: in MBRLAF, reference channels and scalp channels were decomposed into frequency 
components by a filter band. Reference channel components were adaptively scaled and subsequently subtracted of respective scalp channel 
components. Full bandwidth MBRLAF data were recomposed by adding up filtered components.
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the signals into PA epochs. Like in the GA reduction step, 

a dedicated template for subtraction was computed for each 

PA epoch separately. A sliding window with 50 adjacent PA 

epochs, 25 epochs before and 25 epochs after each PA, was 

taken for calculating PA templates, which were subsequently 

subtracted. (iv) As the last step in pre-processing the data 

were exported to MATLAB and a 50 Hz notch filter (0.5 Hz 

bandwidth, 8th order, IIR) was applied. After preprocessing 

one reference channel and one EEG channel per electrode 

pair was left.

Reference layer artifact subtraction (RLAS)

After pre-processing, reference electrode signals were sub-

tracted sample-by-sample from scalp electrode signals, sepa-

rately for each electrode pair as in Chowdhury et al (2014). 

Hence, after RLAS, one EEG channel per electrode pair was 

left, see figure 2 panel B.

Reference layer adaptive filtering (RLAF)

In RLAF, artifact subtraction was replaced by adaptive fil-

tering. Each electrode pair was treated separately and was 

thus filtered with its own adaptive filter. Respective reference 

electrode signals and scalp electrode signals were fed into 

first order least-mean-square (LMS) adaptive filters (Haykin 

1986). The least-mean-square algorithm was chosen since 

it is the most common. The first order model restricted the 

adaptive filters to act like adaptive scalers. One can interpret 

this process as scaling of the artifact until the residual after 

subtraction has minimum power (Haykin 1986). The adapta-

tion rate, which is the maximum change in scaling per step, is 

a crucial parameter. On the one hand, a restricted, thus small 

adaption rate prevents overfitting, because the filter cannot 

follow changes in signals instantly. On the other hand, we 

want the adaptive filter to follow changes in the scaling, this 

is why we use adaptive filters. Further, the adaptation rate 

is crucial to guarantee a stable adaptation process. Small 

adaptation rates increase the stability, whereas high adapta-

tions rates can lead to unstable behavior. We calculated an 

individual adaptation rate for each adaptive filter. We thus 

multiplied the maximum value of the reference electrode 

signal with the maximum value of the skin electrode signal 

and multiplied this value by 10 for reducing residual errors 

and for improving stability. The inverse of this value was our 

adaptation rate and was between 7  ×  10−6 and 1.5  ×  10−4, 

depending on the respective electrode pair. These small adap-

tation rates reduce the risk of overfitting the data. The actual 

adaptive filtering was performed in double pass. First, adap-

tive filtering was performed forward in time from beginning 

of the data to end of the data with initial scaling values of one. 

In a second pass, the scaling was initialized with final values 

of pass one and the adaptive signal filtering was performed 

backwards on the original unfiltered data. This procedure 

yielded a cleaner estimation of the scaling during the starting 

period, where the adaptive filter had not converged yet and 

was also used by Jorge et al (2015b). After RLAF, one EEG 

channel per electrode pair was left, see figure 2 panel C.

Multi band reference layer adaptive filtering (MBRLAF)

EEG power spectral density is known for an 1/f character-

istic, hence, most of the power is found in low frequencies. 

Adaptive filters minimize total signal power after subtracting 

filtered reference signals from signals of interest. In case of 

the RLAF approach, adaptive filters minimized signal power 

after subtracting scaled reference signals from skin electrode 

signals. Thus the scalings of the reference signals were par-

ticularly fitted to low frequencies and not high frequencies. 

With MBRLAF, we present an improved version of RLAF 

which is not afflicted by that problem. In MBRLAF, adap-

tive filtering was not performed on the full bandwidth signal, 

but on bandwidth limited sub-bands of the reference and skin 

electrode signals (Shynk 1992). The full bandwidth signal was 

afterwards recomposed by adding up the adaptively filtered 

sub-band signals, see figure  2 panel D. MBRLAF included 

the following processing steps: (i) A filterbank decomposed 

reference electrode signal and skin electrode signal of each 

electrode pair into bandwidth limited sub-bands. (ii) Adaptive 

filtering was performed on each pair of sub-bands of refer-

ence and skin electrode signals separately. (iii) The adaptively 

filtered sub-band signals were added up to regain the final 

full bandwidth signal. In this work, we decomposed the full 

band spectrum into the following frequency sub-bands: from 

1–16 Hz in 3 Hz broad bands and separate bands at 16–27 

Hz, 27–39 Hz, 39–49.5 Hz, 49.5–50.5 Hz, 50.5–65 Hz, 65–75 

Hz, 75–90 Hz and a final band at 90–120 Hz. The choice of 

the filter bands was motivated by the different artifact types 

described in the literature and visible in the signal spectra. 

The sub-bands are different from classical EEG bands, since 

we tried to define individual frequency bands for artifacts. 

The actual adaptive filtering was carried out in two passes, as 

described in the RLAF paragraph above. After MBRLAF, one 

EEG channel per electrode pair was left, see figure 2 panel D.

Analysis and performance metrics

In order to evaluate the RLAF and the MBRLAF approach on 

human EEG data, we used a procedure similar to Jorge et al 

(2015b) and included the following analyses: (i) comparison 

of time courses of EEG signals after artifact reduction, (ii) 

scaling factors of the adaptive filters, (iii) root-mean-square 

(RMS) voltage changes, (iv) power spectra (ratio) changes and  

(v) single trial VEP quality before and after artifact reduction.

Nothing can substitute a direct inspection of the EEG sig-

nals. We show a representative example of EEG time courses 

after applying artifact reduction methods. This specific 

example was chosen because it shows alpha-rhythm activity 

and is also afflicted by artifacts. It was taken from the eyes 

closed part of participant 1 at position O2, starting 760s after 

the beginning of the experiment and lasts 8s.

We present scaling factors of the adaptive filters captured 

at half time during the forward pass to illustrate the neces-

sity of a scaling of the reference signal before subtraction. 

The choice of time was arbitrary, but motivated by the idea to 

report representative scaling values. Further we show selected 

time courses of the scaling factors of adaptive filters for 
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representative channels over the total signal length. Changes 

in the scaling factors over time indicate that a onetime fit is 

insufficient. Scaling values different from one indicate that a 

straight subtraction is not optimal.

EEG RMS voltages before and after artifact reduction 

quantify artifact attenuation, under the condition that EEG 

components are preserved. EEG RMS voltage reduction is 

then a measure of artifact magnitude that actually was sub-

tracted. The data of the entire experimental time course were 

used to calculate RMS voltages. The computation was per-

formed separately for each EEG channel of each participant 

before and after applying different artifact reduction methods. 

Starting from these RMS voltages per channel, two measures 

were calculated. (i) Average RMS voltages were computed 

over EEG channels, hence, an average RMS voltage for raw 

EEG data and an average RMS voltage per artifact attenua-

tion method. Reductions of these average RMS voltages were 

calculated relative to the Raw EEG in percent of Raw EEG. 

(ii) Per channel RMS voltage reduction were calculated in dB 

relative to raw EEG for each artifact reduction method sepa-

rately by

attenuation 20 log
RMS

RMS
,dB 10

i

f

⎛

⎝
⎜

⎞

⎠
⎟= ⋅ (1)

with RMSi being the RMS voltage after artifact attenuation 

and RMSf before (Raw) artifact attenuation. We report median 

and min/max values of these per channel reductions.

EEG is traditionally analyzed in frequency bands. These 

bands were classically associated with task specific changes 

in their power. Hence, an analysis of artifact attenuation per 

frequency band is of interest. The full band EEG data were 

decomposed into the most common frequency bands: delta 

(1–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), 

and gamma (30–120 Hz). These frequency bands defined 3 dB 

cut-off frequencies of five 12th order second-order IIR band 

pass filters with zero phase. The average power of frequency 

bands was calculated by squaring and subsequently averaging 

each frequency band separately over the full experimental 

time course of EEG channels. Hence separate band power 

values per method and frequency band were computed. We 

report the average band power over channels and the reduc-

tion in average band power relative to Raw EEG in dB. Lower 

power implies lower artifacts under the condition of preserved 

physiological EEG components.

It is known that a high spatial quality of EEG signatures 

is hard to obtain in simultaneous EEG-fMRI measurements. 

Several inside scanner artifacts are harder to deal with at lat-

eral electrodes positions than at central positions. We show 

alpha power topographies during eyes closed after applying 

different artifact reduction methods. Better performing artifact 

reduction methods should show a more dipolar topography. In 

particular, homogeneous and low alpha power in frontal and 

central electrode positions and high alpha power at occipital 

electrode positions.

Full spectrum visualization gives a more detailed view on 

how well artifact attenuation methods suppress artifacts with 

specific spectral fingerprints. A Welch power spectral density 

estimation approach was applied to EEG data of the full exper-

imental time course. The EEG data were segmented into win-

dows with a length of 5s and an overlap of 631 samples (~50% 

overlap). A 1250 point fast Fourier transformations (FFT) was 

applied to each window and averaged over windows. Spectra 

were subsequently averaged over EEG channels, leading to 

separate average power spectra for each method.

To illustrate that reference layer based approaches preserve 

task specific induced EEG activity, we calculated separate 

spectra of eyes closed and eyes open tasks after AAS and 

MBRLAF, averaged over occipital channels O1, O2, POZ, P3, 

P4, and PZ. The procedure of spectra estimation was the same 

as described in the paragraph above. Further we calculated 

ratios of power in alpha band between eyes closed and eyes 

open for occipital channels O1, O2, POZ, P9, P3, PZ, PZ, P4, 

and P8 with

P

P
alpha power ratio ,

c

o

=

α

α

 (2)

were P cα  is the average power in alpha band during eyes closed 

and P oα  is the average power in alpha band during eyes open. 

This ratio becomes higher when less noise is in the data and 

becomes lower when alpha power at eyes closed in removed.

To show that reference layer methods preserve evoked 

brain activity, we calculated separate average visual evoked 

responses per artifact reduction method. Before averaging a 

band pass filter (0.5–10 Hz bandwidth, 12th order, SOS-IIR, 

zero phase) was applied. We collected data of 1200 repeti-

tions of the VEPs during the first part of our measurements. 

This high number allows for an accurate estimate of the true 

VEP, even when the artifact reduction methods are not per-

fect. Hence, VEPs after different artifact reduction methods 

should be very similar. Differences in average VEPs implies 

a removal of evoked responses of the respective method. In 

addition to check for evoked activity preservation, we used 

VEP homogeneity as a quality measure for artifact reduction 

methods, similar to Vanderperren et  al (2010). Of course, 

VEPs are as a rule intrinsically variable, but if an artifact atten-

uation method can reduce the variability and thus increase the 

homogeneity of the VEPs without changing the average VEP, 

this then means that the method removes artifacts. To quanti fy 

VEP homogeneity, mean-squared-distances (MSD) of single 

VEP epochs to their corresponding average VEP were cal-

culated before and after artifact attenuation methods were 

applied. Another VEP quality measure is single trial VEP clas-

sification accuracy. Equal classification accuracies indicate 

that physiological components, hence, the information in the 

EEG, were preserved. Higher classification accuracies indi-

cate that the signal-to-noise ratio was improved. To estimate 

single trial classification accuracy, 100 repetitions of 5-fold 

cross-validations were performed. Analytical shrinkage regu-

larized linear discriminant analysis (sLDA) was the classifier 

of choice (Blankertz et al 2011). The dataset consisted of 2 

classes. Class 1 were 1200 VEPs measured at skin electrodes 

O1 and O2. Class 2 were 1200 windows with equal length as 

the VEPs also measured at skin electrodes O1 and O2, but 

drawn from random positions in time of the eyes closed part 
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of the experiment. These class 2 data were redrawn for each 

repetition of the cross-validation process to not be susceptible 

to random variations in classification results caused by the 

choice of class 2 data.

Results

Figure 3 shows an eight second piece of EEG of channel 

O2 of participant 1 after applying artifact reduction methods 

and in addition the according reference channel. The EEG 

piece is taken from the eyes closed part of the experiment 

where we anticipate increased alpha-rhythm activity. EEG 

after AAS of the gradient artifact is superimposed by very 

prominent pulse artifacts. The PAs are marked with an arrow 

in figure 3 top row. The repetitive nature of the PA is clearly 

visible with a frequency of ~1.1 Hz, which corresponds to 

a pulse rate of ~66. Comparing the shape of the 1st and 

2nd PA, one can recognize the PAs intrinsic variability. It 

is hardly possible to identify other artifacts or physiological 

components like alpha-rhythm. After AAS of the pulse arti-

fact, the PA is not visible anymore in our EEG example and 

alpha-rhythm activity became recognizable. However, also 

artifacts became visible and are marked with arrows (A1 to 

A5) in figure  3 second row. The aforementioned artifacts 

(A1 to A5) are also visible in the corresponding reference 

channel, which is mandatory for a successful application 

of RLAS, RLAF, or MBRLAF. The reference channel after 

AAS of the GA and the PA is depicted in figure 3 third row. 

After RLAS, amplitudes of the EEG are generally smaller 

compared to the amplitudes after AAS (GA  +  PA), because 

the reference channel was subtracted. Alpha-rhythm activity 

is clearly visible. Although the artifacts A1 to A5 are smaller 

after RLAS than after AAS (GA  +  PA), they are still 

present. Figure  3 fourth row shows the EEG after RLAS. 

Figure 3. Representative example of EEG time courses after applying artifact reduction methods. The example is taken from channel O2 
and the corresponding reference channel (Ref) of participant 1 starting 760s after the beginning of the experiment. The participant had her 
eyes closed. Arrows PA mark pulse artifacts. Arrows A1 to A5 mark artifact positions. Be aware of the different scaling of the first row. 
Artifact reduction methods: average artifact subtraction of gradient artifact and pulse artifact (AAS of GA  +  PA), reference layer artifact 
subtraction (RLAS), reference layer adaptive filtering (RLAF), and multi band reference layer adaptive filtering (MBRLAF).
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After RLAF, amplitudes are even smaller than after RLAS 

and after AAS (GA  +  PA), because the reference channel 

was scaled before subtraction. This scaling has direct impact 

on the aforementioned artifacts A1 to A5. They are greatly 

reduced und appear hardly visible. Alpha-rhythm activity 

is still clearly visible. Figure 3 fifth row displays the EEG 

after RLAF. After MBRLAF, amplitudes are again generally 

smaller than after RLAF, RLAS, or after AAS (GA  +  PA), 

since the adaptive scaling is now fitted per frequency band. 

Therefore, the fit of the reference channel to the EEG channel 

is better, which in turn leads to the smaller amplitudes after 

subtraction. Like after RLAF, the residuals of the artifacts 

A1 to A5 are small and hardly recognizable. Alpha-rhythm 

activity is clearly visible. See figure 3 last row for the EEG 

after MBRLAF.

The scaling factors of adaptive filters, which give a clue 

on the necessity of scaling the reference channels before sub-

tracting them from EEG channels, were in median 1.38 and 

1.45 for participant 1 and participant 2, respectively, after half 

time of the experiment. For participant 1 the minimum and the 

maximum scaling factor was 0.45 and 2.07, respectively. For 

participant 2 the minimum and the maximum scaling factor 

was 1 and 2.22, respectively. See figure 4 panel A for a box-

plot of the scaling factors of all channels at half time of the 

experiment. Adaptive filters can change the scaling factors 

over time if necessary. We perceived the following three types 

of adapting the scaling factors: (i) merely slight or no changes 

over time. (ii) Steadily increasing or decreasing scaling fac-

tors. (iii) Sudden, abrupt changes in scaling factors. Examples 

for each of these behaviors are given is figure 4 panel B.

Figure 4. Scaling factors of adaptive filters after the half experiment duration (A), examples of time courses of adaptive filter scaling 
factors (B), root-mean-square (RMS) voltages after different artifact reduction methods (C), and attenuation by artifact reduction methods 
(D). A: panel A shows scaling factors of all channels for RLAF at halftime of the experiment. B: panel B shows examples of time courses 
of adaptive filter scaling factors in RLAF. The examples are taken from channels O2 and FC1 of participant 2 and from channel FC1 of 
participant 1. The grey lines represent linear fits to the scaling factors. C: panel C shows average RMS EEG voltages. The average was 
computed over both participants’ total experimental data of skin electrode signals before (Raw) and after artifact reduction. The error bars 
indicate standard error of the mean. D: panel D shows the boxplot of RMS voltages after artifact attenuation relative to Raw RMS voltages 
of skin electrodes in dB. Artifact reduction methods: average artifact subtraction of gradient artifact and pulse artifact (AAS of GA  +  PA), 
reference layer artifact subtraction (RLAS), reference layer adaptive filtering (RLAF), and multi band reference layer adaptive filtering 
(MBRLAF).
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Average RMS voltages and their relative reduction after 

applying artifact reduction methods are shown in table  1. 

Average RMS voltage was statistically significantly different 

between AAS  +  RLAS and AAS  +  RLAF (Wilcoxon rank 

sum test over channel RMS voltages, p  <  0.05, average channel 

wise difference 1.4 µV, min/max difference 0.03 µV/19.82 µV). 

Average RMS voltage was statistically significantly different 

between AAS  +  RLAS and AAS  +  MBRLAF (Wilcoxon rank 

sum test over channel RMS voltages, p  <  0.01, average channel 

wise difference 1.6 µV, min/max difference 0.12 µV/19.99 µV). 

No statistical difference was found between AAS  +  RLAF and 

AAS  +  MBRLAF. See figure 4 panel C.

Median RMS voltage attenuation of the applied artifact reduc-

tion methods are presented in table 2. RMS voltage reduction is 

given relative to the raw EEG RMS voltage. MBRLAF achieved 

the highest RMS voltage reduction of all methods. Artifact 

reduction for EEG channel FP1 of participant 1 was found to be 

low after any artifact reduction method and is marked as outlier 

in figure 4 panel D, but was not removed in analysis.

EEG signal power and artifact power are not evenly dis-

tributed over the frequency range. Table 3 and figure 5 show a 

complete overview of the powers per frequency band and their 

reduction per artifact reduction method. In terms of classical 

EEG frequency bands, the average power of artifact contami-

nated raw EEG data is starting at 300 µV2 in the Delta band 

and reaches approx. 3.2  ×  105 µV2 in Gamma band. After 

artifact attenuation, average EEG power shows the opposite 

characteristic. Average EEG power is falling with frequency 

rising. Hence the average power difference of EEG data 

before and after artifact reduction is rising with frequency 

bands. The artifact reduction methods showed varying levels 

of success. The least average power reductions were achieved 

by AAS. RLAS achieved third lowest powers in all frequency 

bands except in the Gamma band. In the Gamma band, RLAS 

achieved second lowest power. RLAF achieved second lowest 

average power in any frequency band, accept in Gamma band. 

MBRALF artifact reduction achieved lowest average signal 

power in any classical EEG frequency band.

Alpha power topographies for the different artifact reduc-

tion methods are presented in figure 6. Alpha power topog-

raphies should show low and homogeneous alpha power at 

frontal and central electrode positions and high alpha power at 

Table 1. Average RMS voltage over the experiment duration and channels in µV of Raw EEG and after applying artifact reduction 
methods. RMS voltage reduction in % relative to Raw EEG and relative to artifact reduction methods: average artifact subtraction of 
gradient artifact and pulse artifact (AAS of GA  +  PA), reference layer artifact subtraction (RLAS), reference layer adaptive filtering 
(RLAF), and multi band reference layer adaptive filtering (MBRLAF).

RMS 
voltage (µV)

Reduction 
to Raw EEG

Reduction to 
AAS(GA  +  PA)

Reduction to 
AAS  +  RLAS

Reduction to 
AAS  +  RLAF

Raw EEG 524 — — — —

AAS(GA  +  PA) 12.9 −97.5% — — —

AAS  +  RLAS 8.5 −98.4% −34.1% — —

AAS  +  RLAF 7.1 −98.6% −45.0% −16.5% —

AAS  +  MBRLAF 6.9 −98.7% −46.5% −18.8% −2.8%

Table 2. Median RMS voltage reduction over channels per method relative to Raw EEG in dB. Minimum and maximum RMS voltage 
reduction over channels per method relative to Raw EEG in dB. Artifact reduction methods: average artifact subtraction of gradient artifact 
and pulse artifact (AAS of GA  +  PA), reference layer artifact subtraction (RLAS), reference layer adaptive filtering (RLAF), and multi 
band reference layer adaptive filtering (MBRLAF).

Method
Median RMS voltage 
reduction over ch (dB)

Min RMS voltage 
reduction at a ch (dB)

Max RMS voltage 
reduction at a ch (dB)

AAS −32.7 −19.7 −42.2

AAS  +  RLAS −37.8 −22.2 −45.8

AAS  +  RLAF −39.4 −25.0 −46.0

AAS  +  MBRLAF −39.6 −25.1 −46.2

Table 3. Absolute (µV2) average power over channels in frequency bands before (Raw) and after applying artifact reduction methods. 
Reduction in average power per frequency band relative to Raw power in dB. Artifact reduction methods: average artifact subtraction 
of gradient artifact and pulse artifact (AAS of GA  +  PA), reference layer artifact subtraction (RLAS), reference layer adaptive filtering 
(RLAF), and multi band reference layer adaptive filtering (MBRLAF).

Method

P in delta/red.  

to Raw

P in theta/red.  

to Raw

P in alpha/red.  

to Raw

P in beta/red.  

to Raw

P in gamma/red.  

to Raw

Raw 299.6 µV2/0 dB 462.9 µV2/0 dB 651.6 µV2/0 dB 11 736.4 µV2/0 dB 318 343.5 µV2/0 dB

AAS 67.3 µV2/−13.0 dB 33.0 µV2/−22.9 dB 30.6 µV2/−26.6 dB 12.8 µV2/−59.2 dB 5.7 µV2/−94.9 dB

AAS  +  RLAS 40.4 µV2/−17.4 dB 10.7 µV2/−32.7 dB 12.8 µV2/−34.1 dB 6.3 µV2/−65.4 dB 2.8 µV2/−101.1 dB

AAS  +  RLAF 21.2 µV2/−23.0 dB 6.9 µV2/−36.5 dB 8.6 µV2/−37.6 dB 5.2 µV2/−67.1 dB 3.2 µV2/−100.0 dB

AAS  +  MBRLAF 21.2 µV2/−23.0 dB 6.5 µV2/−37.1 dB 7.2 µV2/−39.1 dB 4.9 µV2/−67.6 dB 2.7 µV2/−101.4 dB
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occipital electrode positions, when eyes are closed. The alpha 

power distribution after AAS is different. High alpha power at 

occipital positions is present, but also at frontal positions and 

for participant 1 also at lateral positions. In contrast, reference 

layer based approaches show a topography as expected. Low 

and homogeneous frontal and central alpha power and high 

occipital alpha power. For participant 1 some residuals are 

still visible after RLAS, particularly at lateral positions and 

frontal position FP2. The residuals are smaller after RLAF and 

MBRLAF. For participant 2 residuals at AFZ and P4 are vis-

ible after RLAS, and are smaller after RLAF and MBRLAF.

After artifact attenuation, the typical 1/f shape of EEG power 

spectra is visible and a classical EEG alpha peak is recogniz-

able from 10 to 12 Hz. Moreover, artifactual spectral power 

Figure 5. Average EEG power in common frequency bands. The average was computed over skin electrode signals before (Raw) and after 
artifact reduction. The error bars indicate standard error of the mean. Artifact reduction methods: average artifact subtraction of gradient 
artifact and pulse artifact (AAS of GA  +  PA), reference layer artifact subtraction (RLAS), reference layer adaptive filtering (RLAF), and 
multi band reference layer adaptive filtering (MBRLAF).

Figure 6. Average alpha power topographies during eyes closed for participant 1 (S1) and participant 2 (S2). Artifact reduction methods: 
average artifact subtraction of gradient artifact and pulse artifact (AAS of GA  +  PA), reference layer artifact subtraction (RLAS), reference 
layer adaptive filtering (RLAF), and multi band reference layer adaptive filtering (MBRLAF). Please note the different scaling for 
participant 1 and participant 2.
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complexes are visible at around 17 Hz, 34.5 Hz, 47.8 Hz, 51.5 

Hz, 59 Hz, 68.5 Hz, 86 Hz, 120 Hz, and a huge artifact com-

plex of several peaks is ranging from 94 Hz to 113 Hz. Highest 

artifact power was found at 47.8 Hz with amplitudes of 0.91 

µV2 Hz−1, 0.15 µV2 Hz−1, 0.18 µV2 Hz−1, and 0.14 µV2 Hz−1 

after AAS, RLAS, RLAF, and MBRLAF, respectively. Highest 

power of the artifact complex at around 100 Hz was found at 

101 Hz with ampl itudes of 0.599 µV2 Hz−1, 0.054 µV2 Hz−1, 

0.156 µV2 Hz−1, and 0.035 µV2 Hz−1 after applying AAS, 

RLAS, RLAF, and MBRLAF, respectively. Generally, refer-

ence layer methods achieved lower power per Hz than AAS. 

MBRLAF achieved the lowest power per Hz of all the methods 

within the total power spectrum. The power magnitude ranged 

from 1.4  ×  101 µV2 Hz−1 at ~1 Hz to 8.6  ×  10−4 µV2 Hz−1 at 

~119 Hz. RLAF achieved the second lowest power at low fre-

quency ranges, but starting at ~35 Hz, RLAS achieved lower 

power than RLAF. Full power spectra are presented in figure 7.

Separate spectra of eyes open and eyes closed of both par-

ticipants are presented in figure 8. A clear task specific change 

in the spectra is visible. Participant 1, depicted in figure 8 left 

panel, shows a classical increase in alpha power after eyes 

were closed. Participant 2, figure 8 right panel, shows a pro-

nounced peak in alpha band already before eyes were closed, 

but alpha power increased further after eyes were closed. The 

spectral changes are more pronounced after MBRLAF.

The median of alpha power ratios between eyes closed 

and eyes opened was highest after MBRLAF (1.84), second 

highest after RLAF (1.80), third highest after RLAS (1.60), 

and lowest after AAS (1.37), see figure 9.

Specific VEP patterns were found for both participants and 

are shown in figures 10 and 11, respectively. For participant 1, 

highest VEP amplitudes were found at position O2. VEP homo-

geneity was measured in mean-squared-distance of single VEP 

to the respective average VEP at position O2. No specific VEP 

pattern was found at electrode position O1. For participant 2, 

highest VEP amplitudes were found at position O1. Mean-

squared-distance (VEP homogeneity) of single VEPs to the 

corresponding average VEP were calculated at position O1. A 

similar VEP pattern, but with slightly lower amplitudes were 

found at electrode position O2. Table 4 summaries the maximum 

average VEP amplitudes and the mean-squared-distances to the 

average VEP.

Single trial VEP classification accuracies are presented in 

table 5. They were worst with raw EEG data and best after 

MBRLAF artifact reduction for both participants. For partici-

pant 1, classification accuracies ranged from a minimum of 

52.8% to a maximum of 69.1%. For participant 2, accuracies 

ranged from a minimum of 54.2% to a maximum of 62.6%. 

Classification accuracies after AAS were higher than with raw 

EEG data, but never reached accuracies of reference artifact 

reduction methods. For participant 1, RLAF was the second 

best artifact reduction method while for participant 2 RLAS, 

RLAF and MBRLAF were practically equal.

Discussion

Reference layer cap prototype and EEG preprocessing

Our work represents a successful application of a truly reus-

able reference layer cap in combination with adaptive fil-

tering to minimize residual artifacts in EEG of simultaneous 

EEG-fMRI in human. Our study extends and combines ideas 

for improving simultaneous EEG-fMRI data quality that 

were partly invented by work of Bonmassar et al, Masterton 

et al and the no longer available ‘fEEG’ system, and which 

were partly reinvestigated by a work of Chowdhury et  al 

Figure 7. Average power spectra before (Raw) and after artifact reduction. Artifact reduction methods: average artifact subtraction of 
gradient artifact and pulse artifact (AAS of GA  +  PA), reference layer artifact subtraction (RLAS), reference layer adaptive filtering 
(RLAF), and multi band reference layer adaptive filtering (MBRLAF).
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(Bonmassar et al 2002, Masterton et al 2007, Dunseath et al 

2009, Chowdhury et al 2014).

The reference layer cap prototype that we used in this work, 

is compatible with available fMRI capable EEG amplifier sys-

tems, which allows for an upgrade of systems that are already 

in use. Preparation and handling of the reference layer cap was 

similar to standard simultaneous EEG-fMRI caps in terms of 

duration as well as in terms of comfort for the participants. 

We did not notice additional susceptibility artifacts in visual 

inspections of fMRI images compared to standard simulta-

neous EEG-fMRI caps and EEG of reasonable quality became 

visible after AAS. The main benefit of this cap is, however, the 

Figure 9. Alpha power ratios between eyes open and eyes closed after different artifact reduction methods at occipital channels O1, 
O2, POZ, P9, P3, PZ, PZ, P4, and P8. Higher is better. Artifact reduction methods: average artifact subtraction of gradient artifact and 
pulse artifact (AAS of GA  +  PA), reference layer artifact subtraction (RLAS), reference layer adaptive filtering (RLAF), and multi band 
reference layer adaptive filtering (MBRLAF).

Figure 8. Power spectral density after average artifact subtraction (AAS), Reference layer artifact subtraction (RLAS), and multi band 
reference layer adaptive filtering (MBRLAF) of participant 1 (left panel) and participant 2 (right panel) averaged over occipital channels 
O1, O2, POZ, P3, P4, and PZ separately for eyes open and eyes closed.
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Figure 10. Visual evoked potentials (VEP) of participant 1. The upper row shows epochs of all recorded VEP at skin electrode O2 before 
(Raw) and after artifact reduction. Bottom row shows average VEP of skin electrodes of participant 1 at position O1 and O2. Dashed 
lines indicate standard error of the mean. The mean squared distance (MSD) of single VEP epochs to average VEP is a measure of VEP 
homogeneity and is exemplified in the middle row for participant 1 skin electrode position O2. Artifact reduction methods: average artifact 
subtraction of gradient artifact and pulse artifact (AAS of GA  +  PA), reference layer artifact subtraction (RLAS), reference layer adaptive 
filtering (RLAF), and multi band reference layer adaptive filtering (MBRLAF).

Figure 11. Visual evoked potentials (VEP) of participant 2. Upper row shows epochs of all recorded VEPs at skin electrode O1 before 
(Raw) and after artifact reduction. The bottom row shows average VEP of skin electrodes of participant 2 at position O1 and O2. Dashed 
lines indicate standard error of the mean. Mean squared distance (MSD) of single VEP epochs to average VEP is a measure of VEP 
homogeneity and is exemplified in the middle row for participant 2 skin electrode position O1. Artifact reduction methods: average artifact 
subtraction of gradient artifact and pulse artifact (AAS of GA  +  PA), reference layer artifact subtraction (RLAS), reference layer adaptive 
filtering (RLAF), and multi band reference layer adaptive filtering (MBRLAF).
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optional use of reference layer based approaches to improve 

EEG quality further, namely RLAS and the two methods that 

we introduced with this work, RLAF and MBRLAF. Visual 

inspection of EEG after applying artifact reduction methods 

indicate the benefits of reference layer based approaches, 

namely reducing residual artifacts, while preserving physi-

ological EEG components. We found that MBLRAF reduces 

artifact components most, followed by RLAF and RLAS.

Preprocessing is crucial for the efficacy of reference layer 

based approaches. Our experience within this work support 

the findings of Chowdhury et  al and Jorge et  al about the 

sequence when combining AAS and RLAS (Chowdhury et al 

2014, Jorge et al 2015b). AAS before RLAS was most effec-

tive, while altering the pre-processing sequence impaired the 

efficacy of RLAS. We observed a similar behavior with RLAF 

and MBRLAF.

RLAS

In line with Chowdhury et  al and Jorge et  al we observed 

reduced residual artifacts in visual inspections of EEG data 

after applying RLAS, while physiological EEG activity was 

preserved (Chowdhury et  al 2014, Jorge et  al 2015b). In 

the present work, RLAS achieved an overall RMS voltage 

reduction of  −37.8 dB compared to the Raw EEG, which is 

an improvement over AAS by  −5.1 dB. Average power in 

common EEG frequency bands was lower after RLAS than 

after AAS. Topographical plots of alpha power during eyes 

closed show reduced residual artifacts at frontal and lateral 

electrode positions after RLAS compared to AAS. RLAS 

was also effective in reducing artifacts in higher frequency 

bands, as visible in the full power spectrum. Further, higher 

median alpha power ratios as well as more pronounced VEPs 

with smaller MSD to the average VEP, indicate the preser-

vation of physiological EEG components and underlines the 

effectiveness of RLAS. However, as mentioned in the intro-

duction, there are several causes why artifacts at the refer-

ence layer can be different from artifacts at scalp, which 

implies that a straightforward subtraction of reference layer 

signals from scalp layer signals, as applied in RLAS, might 

be improved. Practically observed scaling values of the adap-

tive filters demonstrate that for optimal (in the LMS sense) 

artifact attenuation reference layer signals need to be scaled 

by factors between ~0.5 and ~2. Theoretical considerations 

based on Faraday’s law justify a linear relationship assump-

tion between reference and scalp layer artifacts, although, 

the linear relationship can change over time, for example due 

to motion or due to changes in electrode impedances (Jorge 

et al 2015b). The time courses of the adaptive filters scaling 

factors provide evidence for that assumption. We perceived 

three prototypical courses of scaling factors: (i) no change 

in scaling factors over time. The linear approximation of our 

example in figure 3 showed practically no change over time 

with scaling factors of 0.7 in the beginning and in the end.  

(ii) Linear change over time. In our example the scaling fac-

tors increased from 1.2 to 1.4, which is a relative change of 

16.7% over ~20 min. We assume that slow drifts in the elec-

trode impedances are the cause for that changes. (iii) Abrupt 

change in scaling factors. We perceived that the scaling factors 

can also change abrupt, in our example from 1.7 to 2.0. That 

is a relative change of ~18%. We attribute this fast changes to 

slight motions which change the orientation of the electrodes 

and therefore the relationship between the scalp and reference 

electrode. Motions can also change the pressure on electrodes 

and therefore the impedance. Particularly time courses like 

(ii) and (iii) are problematic when the scaling factors are time 

invariant. Errors of up to 20% can be introduces within 20 min. 

The problems of changing impedances and of motion were 

for example already brought up in Masterton et al (2007) and 

Jorge et al (2015b). The theoretical considerations, combined 

Table 5. Single trial visual evoked potential classification accuracies of participant 1 (S1) and participant 2 (S2) in percent before (Raw 
EEG) and after applying artifact reduction methods. Analytic shrinkage regularized linear discriminant analysis was applied in 100 
repetitions of 5 fold cross-validation to estimate the accuracies and the standard deviations. Artifact reduction methods were: average 
artifact subtraction of gradient artifact and pulse artifact (AAS of GA  +  PA), reference layer artifact subtraction (RLAS), reference layer 
adaptive filtering (RLAF), and multi band reference layer adaptive filtering (MBRLAF).

ID Raw EEG (%) AAS(GA  +  PA) (%) AAS  +  RLAS (%) AAS  +  RLAF (%) AAS  +  MBRLAF (%)

S1 52.8  ±  2.3 57.0  ±  2.2 62.1  ±  2.3 68.4  ±  2.1 69.1  ±  2.1

S2 54.2  ±  2.3 58.8  ±  2.2 61.7  ±  2.1 61.5  ±  2.2 62.6  ±  2.0

Table 4. Maximum average VEP amplitudes per participant and per artifact correction method for EEG channels that showed the highest 
VEP amplitude. Mean-squared-distance of single VEPs to their respective average VEP. Mean-squared-distance is a measure for VEP 
homogeneity.

Participant 1 Participant 2

Max VEP amp 
at O2 (µV) MSD at O2 (µV2)

Max VEP amp 
at O1 (µV) MSD at O1 (µV2)

Raw 6.7 1918.5 5.6 1136.5

AAS 5.0 200.2 4.0 152.8

AAS  +  RLAS 4.6 68.3 3.3 49.4

AAS  +  RLAF 4.1 28.6 2.9 38.4

AAS  +  MBRLAF 4.1 28.5 3.0 34.9
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with our practical experiences with RLAS and the aforemen-

tioned discussions give the justification why we replaced sub-

traction by adaptive filtering in our RLAF approach.

Reference layer adaptive filtering (RLAF)

Any artifact reduction in simultaneous EEG-fMRI experi-

ments is highly appreciated, since it is still challenging to 

achieve high EEG quality in these experiments, which in turn 

is a necessity for a broader field of application of simulta-

neous EEG-fMRI. Within our work, we found adaptive fil-

tering potentially superior to straight forward subtraction. 

Visual inspection of EEG after RLAF artifact reduction shows 

mitigated residual artifacts compared to EEG after RLAS. 

Residual artifacts after RLAF are visually hardly noticeable. 

RLAF outperforms RLAS in terms of RMS voltage reduc-

tion, while maintaining physiological signals. RLAF achieved 

significantly lower RMS voltages compared to RLAS (on 

average 16.5% lower), which is equal to 1.6 dB lower median 

power when analyzing the full bandwidth EEG. The compu-

tational effort of the RLAF approach is easily manageable. 

One adaptive filter per electrode pair, hence 29 in our experi-

ment, is not at all a problem for modern computers. Back in 

2007 Masterton et al used already more complex adaptive fil-

ters (Masterton et al 2007). Hence, an online application is 

conceivable.

Adaptive filters commonly take into account current and 

past samples of a signal. The number of past samples is 

reflected by the model order of the adaptive filter and repre-

sent a learned and adaptively tuned FIR filter (Haykin 1986, 

Shynk 1992). We chose a first order model which restricts 

an adaptive filter to adaptive scaling of the current sample. 

One can argue that a higher order model would be beneficial 

since the optimal filter would be learned too. However, pre-

liminary unpublished investigations by ourselves suggests 

that higher order models have only a marginal effect. We 

attribute that behavior to the combination of the LMS optim-

ization criterion of our adaptive filters and the spectral power 

distribution of EEG. LMS adaptive filters aim to minimize 

the overall residual power after filtering. Most EEG power 

is present in low frequency ranges and less power in higher 

frequency ranges, which is well known as 1/f characteristic. 

Hence, adaptive filters find an optimal scaling for the lower 

frequency components since lower frequency components 

contribute most to the overall residuals. Adaptive filters with 

higher order models, still have the same LMS optimization 

criterion and still most power is present in lower frequency 

bands. Hence, we experienced that a low pass filter is learned 

and the adaptive filter again optimizes the scaling for low fre-

quency ranges, which only marginally improved the adaptive 

filter quality compared to the first order model.

An EEG power analysis per frequency band indicate that 

RLAF potentially outperforms RLAS from Delta to Beta 

band, but is less effective in the Gamma band. This behavior 

is also visible in the full spectra. RLAF achieves lower power 

than RLAS up to ~35 Hz, but in higher frequency ranges, 

RLAF is less effective than RLAS. This is a consequence of 

the aforementioned adaptation of the scalings to lower fre-

quency ranges because of their higher power.

The topological alpha power plots show lower residual arti-

facts after applying RLAF when compared to topo plots after 

RLAS. Particularly frontal channels can benefit from RLAS. 

Higher median alpha power ratios as well as VEPs with small 

MSD to the average VEP, indicate the preservation of physi-

ological EEG components and also indicate a higher effective-

ness of RLAF compared to RLAS. All together, these results 

point at a potentially improved effectiveness of RLAF over 

RLAS, at least in lower frequency ranges of up to ~35 Hz.

Multi band reference layer adaptive filtering (MBRLAF)

We enhanced the RLAF approach by restricting the frequency 

range of reference and scalp signals to multiple sub-bands and 

performed a separate adaptive filtering per sub-band (Shynk 

1992). Therefore, we named this approach MBRLAF. As a 

consequence of the frequency range restriction to sub-bands, 

each adaptive filter minimized the LMS residuals separately 

for each band. This resulted in a method that achieves lowest 

RMS voltages over all, but also lowest power over the whole 

frequency range and was the best performing method over all. 

MBRLAF achieved significantly lower RMS voltages com-

pared to RLAS, on average 18.8% lower and achieved also 

lower RMS voltages than RLAF. However, the reduction of 

power distribution dependency comes at the cost of computa-

tion power. A lot more adaptive filters are necessary (one per 

sub-band) and computational cost increases linearly with the 

number of adaptive filters. Luckily, the adaptive filtering can 

be parallelized on channel level, hence, a real time application 

of a modified MBRLAF algorithm is conceivable in future. 

The improvement of MBRLAF over RLAS is significantly, 

however, the improvement over RLAF is rather marginally, on 

average 0.2 µV less RMS voltage. Topological alpha power 

plots are comparable to RLAF, maybe with a small advan-

tage for MBRLAF. MBRLAF achieved in median the highest 

alpha power ratio between eyes closed and eyes open and the 

lowest MSD of single VEPs to the average VEP. These poten-

tially higher effectiveness of MBRLAF is particularly impor-

tant in higher frequency ranges where signals of interest are 

already very small and where every possible improvement in 

signal quality is very welcome.

Preservation of physiological components in the EEG

Reductions in RMS voltage and EEG power are characteris-

tics for artifact reduction only if physiological components 

are not removed from EEG. Four facts indicate that reference 

layer based methods preserve physiological components.  

(i) The shape of EEG spectra: a 1/f decay in EEG spectral 

power is clearly visible after all artifact reduction methods 

(Schomer and da Silva 2011). (ii) A peak in spectral power at 

10 Hz to 12 Hz, the alpha peak, is also clearly visible (Schomer 

and da Silva 2011). (iii) The dedicated spectra and also the 

alpha power ratios demonstrate that occipital alpha power is 

increasing with eyes closed compared to eyes opened, as it 

J. Neural Eng. 14 (2017) 026003

103



Appendix

D Steyrl et al

18

is expected (Schomer and da Silva 2011). The alpha power 

ratios are higher with reference layer based approaches, 

indicating better preservation. (iv) VEPs are preserved and 

average VEPs are very similar after applying different arti-

fact reduction methods (Schomer and da Silva 2011). Hence, 

a removal of evoked potentials can be ruled out. Concluding 

these four facts, we do not see a removal of physiological 

EEG components.

Evoked potentials quality improvement and practical  

implications

Mean-squared-distance of single evoked potentials to their 

respective average evoked potential is a measure of variance in 

EEG that is not related to evoked potentials. This variance con-

sists of ongoing, spontaneous EEG and artifacts. One wants of 

course to reduce exclusively artifacts. However, when reduced 

MSD measures are computed, one cannot distinguish which 

of these two components was removed. Nevertheless, we 

found induced activity (alpha peak) which is in coincidence 

with eyes open and eyes closed episodes, and indicate that 

artifacts were reduced and not ongoing EEG. Hence, a low 

MSD of evoked potentials to their average evoked potential 

implies a reduction in artefacts. RLAF and MBRLAF are both 

capable to reduce the MSD by up to 58% compared to RLAS.

EEG quality improvement has practical implications for 

simultaneous EEG-fMRI experiments. An improved VEP 

homogeneity directly impacts experimental design, since a 

lower number of VEPs is necessary for the same quality of 

average VEPs. The experiments can thus be of shorter dura-

tion, which in turn is beneficial to avoid tiredness of study 

participants. On single trial level, VEPs are more pronounced. 

Single trial classification of VEPs benefit as well from 

MBRLAF. In our single trial accuracy estimation via cross 

validation, we obtained highest average classification accura-

cies after MBRLAF. Classification accuracies of participant 

1 improved up to 12% from baseline (AAS). Classification 

accuracies of participant 2 were practically identical after 

RLAS, RLAF and MBRLAF, which implies only marginal 

improvement, but indicates that no information, hence VEP, 

was removed. Classification accuracy is important in many 

experiments for the accurate detection of brain patterns (Lotte 

et al 2007, Steyrl et al 2016).

Limitations

By concept this setup needs two EEG channels per later-to- 

be-derived EEG signal. For example, a 64 channel setup is 

necessary to bring the later-to-be-derived channel count to 32. 

With currently available hardware, 128 or even higher num-

bers of channels are possible, but comes with the caveat of 

introducing more technical equipment into the scanner bore, 

which can be impractical. However, we assume that this caveat 

should become less important in future, since the number of 

available channels in EEG hardware steadily increased over 

the past years. Further we are aware of many experiments 

where high quality EEG is more important than the pure 

number of channels, especially when it comes to analysis of 

brain signals with a very bad signal-to-noise-ratio, like it is the 

case for gamma band activity.

In addition to these conceptual limitations, we also per-

ceived practical restrictions. Although no major problems 

arose during the actual use of the reference layer cap proto-

type, we found the durability of the silver coated electrodes 

limited over the long term. The abrasive gel removed the silver 

coating, which made the cap unusable after several measure-

ments. Future caps need to be equipped with sintered Ag/AgCl 

pellets, which are more robust (Schomer and da Silva 2011).

The RLAF/MBRLAF approach should in principle be able 

to cope with motion artifacts, since this was shown already 

for the RLAS approach by Chowdhury et  al and we fur-

ther improved the motion dependent behavior by using the 

mechanically tightly coupled electrode pair (Chowdhury et al 

2014). We, however, did not test for these artifacts explicitly 

in this work. This is future work.

And finally, although EEG quality was improved, residual 

artifacts are still present after applying AAS, RLAS, RLAF, 

or MBRLAF. The spectra show remaining artifacts of non-

negligible magnitudes. Particularly the huge artifact complex 

at about 100 Hz is prominent, which is presumably caused by 

the helium pump. However, it is not yet clear why this artifact 

is still present after the application of RLAF or MBRLAF. 

We speculate that more than one source emits interfering 

electro magnetic fields which are not in phase and therefore 

the adaptive filter is not able to find a scaling that eliminates 

this artifact. For illustration, if the adaptive filter finds a 

scaling that removes one part of the artifact, the other is still 

present and vice versa, although both components are present 

in the reference layer. However, this artifact will need further 

investigations.

Summary

We showed that, based on theoretical considerations, there is 

potential to increase EEG quality by combining a reference 

layer with adaptive filtering. We brought practical evidence 

that EEG quality is potentially improved after applying RLAF 

or MBRLAF compared to previous methods. We observed 

reduced artifacts in visual inspections of EEG data after RLAF 

or MBRLAF artifact reduction. RMS voltage and spectral 

power were reduced, while physiological EEG components 

were preserved, even when the coolant system of the scanner 

was active. RLAF was effective in reducing artifact comp-

onents up to ~35 Hz, while MBRLAF was the most effective 

method in all frequency ranges. Nevertheless, residual artifact 

components above 40 Hz are still present and must be kept in 

mind when analyzing simultaneous EEG-fMRI data.

In conclusion, we see RLAF and MBRLAF as a poten-

tial step forwards to the goal of achieving high quality EEG 

in simultaneous EEG-fMRI measurements over the full fre-

quency range and particularly for high EEG quality in clas-

sical EEG frequency ranges.
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EEG-fMRI experiments, even when online artifact reduction 
is necessary.
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and functional magnetic resonance imaging (fMRI) · 
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(RLAF) · Online processing

Introduction

Non-invasive neuroimaging techniques offer the unique 
opportunity to investigate the active human brain without 
surgery. The two most popular non-invasive neuroimaging 
techniques are electroencephalography (EEG) and functional 
magnetic resonance imaging (fMRI) (Michel and Murray 
2012; Norris 2006). EEG measures electrical brain activity, 
whereas fMRI measures blood oxygenation level changes 
in the brain (Niedermeyer and Lopes da Silva 2005; Ogawa 
et al. 1990). These two techniques have partly complemen-
tary properties. For example, the time resolution of EEG 
is in the millisecond range, whereas it is in the range of 
seconds for fMRI. A second example is the spatial resolu-
tion of the techniques, which is commonly in the range of 
millimeters for fMRI and in the range of centimeters for 
EEG (Laufs 2012; He et al. 2011). The combing of EEG 
and fMRI was proposed to benefit from the best of both 
worlds. The combined simultaneous application of these 
two techniques allows comprehensive studies of the same 
brain activity from the electrophysiological and from the 
metabolic/vascular point of view. Examples of such studies 
include the combined or joint analysis of EEG and fMRI 
data such as e.g. in EEG-informed fMRI, the localization 
of transient brain activity, and also the analysis of the inter-
action of electrophysiology and metabolism (Huster et al. 

Abstract Simultaneous electroencephalography (EEG) 
and functional magnetic resonance imaging (fMRI) allow us 
to study the active human brain from two perspectives con-
currently. Signal processing based artifact reduction tech-
niques are mandatory for this, however, to obtain reasonable 
EEG quality in simultaneous EEG-fMRI. Current artifact 
reduction techniques like average artifact subtraction (AAS), 
typically become less effective when artifact reduction has 
to be performed on-the-fly. We thus present and evaluate a 
new technique to improve EEG quality online. This tech-
nique adds up with online AAS and combines a prototype 
EEG-cap for reference recordings of artifacts, with online 
adaptive filtering and is named reference layer adaptive fil-
tering (RLAF). We found online AAS + RLAF to be highly 
effective in improving EEG quality. Online AAS + RLAF 
outperformed online AAS and did so in particular online in 
terms of the chosen performance metrics, these being spe-
cifically alpha rhythm amplitude ratio between closed and 
opened eyes (3–45% improvement), signal-to-noise-ratio 
of visual evoked potentials (VEP) (25–63% improvement), 
and VEPs variability (16–44% improvement). Further, we 
found that EEG quality after online AAS + RLAF is occa-
sionally even comparable with the offline variant of AAS 
at a 3T MRI scanner. In conclusion RLAF is a very effec-
tive add-on tool to enable high quality EEG in simultaneous 
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2012; Uludag and Roebroeck 2014; Debener et al. 2006; Rit-
ter and Villringer 2006). This combination is often referred 
to as simultaneous EEG-fMRI.

Unfortunately, these two techniques influence each other 
and deteriorate the data quality of the respective other. The 
additional EEG equipment inside the MRI scanner interferes 
with the static magnetic field and with the radio frequency 
field of the scanner. This interference generates field inho-
mogeneities and signal losses, which in turn degrade the 
fMRI data quality. Studies demonstrate that the data quality 
loss in fMRI varies between negligible and severe, but is 
never prohibitive (Bonmassar et al. 2010; Luo and Glover 
2012; Jorge et al. 2015a). The effect of fMRI data acquisi-
tion on the EEG data quality is however critical (Mulert and 
Lemieux 2010; Mullinger and Bowtell 2011a). Over the past 
years, a variety of fMRI related artifacts in EEG of simulta-
neous EEG-fMRI have been described. Below, we give an 
overview, sorted by the usual magnitudes of the artifacts.

The most prominent artifact is the so-called gradient arti-
fact (GA), sometimes also referred to as the scanner artifact 
(Allen et al. 2000). It has amplitudes up to 1000 times higher 
than the EEG (Allen et al. 2000; Mullinger et al. 2011b). 
The switching of the scanner gradient during fMRI data 
acquisition causes this artifact by electromagnetic induc-
tion in the leads of the EEG electrodes. It repeats whenever 
a new volume acquisition starts. Although techniques to 
reduce this artifact are known, it is not possible yet to avoid 
it completely (Mullinger et al. 2011b; Jorge et al. 2015a; 
Assecondi et al. 2016). Various signal processing based 
methods have thus been developed to reduce the impact of 
this artifact. Average artifact subtraction (AAS) is one of 
them and probably the most widely used one (Allen et al. 
2000). AAS exploits the repetitive and deterministic nature 
of the GA. A separate artifact template is compiled for each 
single artifact epoch of each EEG channel by averaging over 
adjacent epochs. This template is subsequently subtracted 
from the EEG. By averaging over adjacent artifact epochs, 
AAS can cope with slow changes of the GA, but not with 
brisk changes, due to e.g. motion of the study participant. 
Hence, although AAS reduces the GA largely, residuals of 
the GA are still present and they can be in the same order of 
magnitude as the EEG.

Reducing the GA unveils a second artifact, the pulse 
artifact (PA), which is repetitive with the cardiac-pulse 
cycle. PA amplitudes have the same order of magnitude as 
the EEG amplitudes and they increas with the strength of 
the static magnetic field (Allen et al. 1998; Debener et al. 
2007, 2008). The PA itself is mainly caused by motion of 
EEG electrodes, due to cardiac-pulse driven head nodding 
and due to expansion of blood vessels below the respective 
EEG electrode (Bonmassar et al. 2002). A second con-
tributor to this artifact is voltage induction in EEG elec-
trodes due to the acceleration of blood below the electrode. 

Blood is electrically conductive and therefore surrounded 
by an electromagnetic field, when accelerated in a static 
magnetic field. The proportion of this second contributor 
is relatively small, however, when compared to the first 
motion related component (Mullinger et al. 2013a). Signal 
processing based methods are the only option to reduce 
the artifact and its impact on EEG. AAS is again the most 
common method to tackle this artifact (Allen et al. 1998). 
PA epochs are defined by additional electrocardiogram 
recordings. An individual pulse artifact template per PA 
epoch and EEG channel is computed by averaging over 
adjacent PA epochs and subsequently subtracted from the 
current PA epoch. The cardiac cycle is, however, inher-
ently varying. Hence, the artifact template is only an 
approximation of the PA and significant PA residuals are 
often present, particularly at higher static magnetic field 
strengths of 3T or more. The frequency range of these 
residuals is usually including the alpha and beta range of 
EEG and can completely obscure these important brain 
rhythms.

Other known artifacts in EEG of simultaneous EEG-
fMRI are vibration related artifacts like the helium pump 
artifact (HPA) and the ventilation artifact (VA) (Mullinger 
et al. 2013b; Nierhaus et al. 2013). Both are caused by MRI 
scanner systems and are therefore presumably specific to a 
scanner model. The HPA is mainly generated by vibrations 
from the cooling system of the MRI scanner, in particular 
from the helium pump (Nierhaus et al. 2013; Rothlübbers 
et al. 2014). The VA is caused by vibrations of the patient 
ventilation system of the MRI scanner (Nierhaus et al. 2013). 
Both artifacts can be circumnavigated by disabling the sys-
tems temporarily. However, both systems are important for 
a safe and comfortable usage of the MRI scanner and disa-
bling them can be unwanted or not possible. Further, both 
artifacts are so far not well investigated and artifact reduction 
techniques are available for the HPA only (Rothlübbers et al. 
2014; Kim et al. 2015).

The motion artifact (MA) is another very problematic 
artifact. It is caused by EEG electrode and cable motion 
in the static magnetic field of the MRI scanner (Van Der 
Meer et al. 2010). It is problematic in two senses. First, it 
is non-repetitive, non-stationary, and typically not predict-
able. Hence, there is no way to reduce the MA with signal 
processing based methods that exploit repetitive structures 
in the artifact. Second, motions change the shape of the GA 
and the PA. Hence, the AAS approach fails to reduce these 
artifacts well, since the AAS template is not a good rep-
resentation of the respective artifact anymore. Many MA 
reduction techniques have been proposed (Bonmassar et al. 
2002; Masterton et al. 2007, Van Der; Meer et al. 2010; 
Abbott et al. 2014; Jorge et al. 2015b). However, best prac-
tice is to prevent them by restricting possible motions of the 
study participants.
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These variety of artifacts in EEG of simultaneous EEG-
fMRI recordings and the need to improve EEG quality, have 
led to the development of many different methods for reduc-
ing artifacts. Beside the standard AAS approach, particularly 
the optimal basis set (OBS) approach and the independent 
component analysis (ICA) approach are frequently used 
(Niazy et al. 2005; Srivastava et al. 2005; Briselli et al. 2006; 
Mantini et al. 2007; Ritter et al. 2007; Vanderperren et al. 
2010; Abreu et al. 2016). Other methods, for example based 
on beam former, singular value decomposition, linear pre-
dictors, independent vector analysis and dictionary learning, 
were introduced too and can outperform the aforementioned 
methods under certain conditions (Brookes et al. 2008; Liu 
et al. 2012; Ferdowsi et al. 2013; Acharjee et al. 2015; Abol-
ghasemi and Ferdowsi 2015).

Apart from the interest in techniques that improve EEG 
quality of simultaneous EEG-fMRI in general, there is also 
growing interest in special techniques that reduce the above-
mentioned artifacts on-the-fly. Specifically, in order to carry 
out experiments, where online processing of the measured 
data is required. In this context, online processing of data 
means timely signal processing without knowing the future 
data, hence signal processing that relies on the past data 
only, also known as causal signal processing. Some exam-
ples for experiments of this kind are: (1) Triggering visual 
stimulation depending on ongoing EEG and investigating the 
effects with fMRI (Becker et al. 2011). (2) Locating cerebral 
generators of epilepsy spikes online (Gotman et al. 2006). 
(3) Investigating brain activity with fMRI during the use 
of EEG neurofeedback (Zotev et al. 2014; Zich et al. 2014, 
2015). (4) The construction of a new type of brain-computer 
interfaces (BCIs) that rely on the online feedback of two 
neuroimaging modalities, hence simultaneous EEG and 
fMRI feedback, to generate control signals for an application 
or for the paradigm itself (Brunner et al. 2015; Mano et al. 
2017; Perronnet et al. 2017). Unfortunately, most of the MRI 
artifact reduction methods rely on non-causal signal process-
ing, hence knowledge of upcoming data is required and they 
can therefore only be applied offline, after the experiment. 
This situation led to the development of online applicable 
artifact reduction techniques. Brain Products (Brain Products 
GmbH, Gilching, Germany) provide an online version of 
AAS for GA and PA reduction in their commercial RecView 
tool. Other online artifact reduction methods, for example 
based on windowed versions of OBS and ICA, have also 
been developed (Wu et al. 2016; Mayeli et al. 2016; Wen 
et al. 2016).

The EEG data quality of simultaneous EEG-fMRI is 
often mediocre. For example, Zich et al. carried out a BCI 
experiment based on the classification of sensorimotor 
rhythms and they report a drop in average classification 
accuracy by approximately 10% when moving from out-
side the scanner to inside the scanner (Zich et al. 2015). 

In a similar experiment with a single participant, we found 
the classification accuracy to be 22% lower inside the scan-
ner compared to outside the scanner (Steyrl et al. 2013). 
One reason for the poorer EEG data quality can be found 
in the artifact reduction methods. Both studies used AAS 
and as mentioned above, AAS is susceptible to brisk arti-
fact changes and inherently varying artifacts. Moreover, 
AAS also depends on reliable detection of artifact periods. 
And naturally, AAS is only able to reduce repetitive arti-
facts such as the GA and the PA. Unfortunately, switching 
to another artifact reduction method is not necessarily a 
solution. The limitations of AAS also hold for the OBS 
method. ICA based methods on the other hand are partly 
able to reduce other artifact types too, however, they rely 
on the basic assumption that artifacts, or components, are 
stationary in space, which is particularly violated for PAs 
(Debener et al. 2007).

We recently presented a new add on technique for artifact 
reduction in EEG of simultaneous EEG-fMRI, which uses 
a completely different approach. This technique is based on 
the idea of recording artifacts independently of, but simulta-
neously with EEG, at a reference layer that is isolated from 
the scalp. Adaptive filters use those independent reference 
recordings to reduce the artifacts in the EEG. This technique 
is therefore named reference layer adaptive filtering (RLAF) 
(Steyrl et al. 2015, 2017; Chowdhury et al. 2014; Dunseath 
and Alden 2009; McGlone et al. 2009). In our previous 
works, we presented a reusable EEG-cap prototype that is 
equipped with a saline-water based reference layer to allow 
the aforementioned independent reference recordings (Steyrl 
et al. 2017). We showed that RLAF is most effective when 
artifacts have already been reduced using another technique 
such as AAS in a pre-processing step. We reported on arti-
fact reduction results of data recorded at a spherical fMRI 
phantom, as well as on artifact reduction results of human 
EEG (Steyrl et al. 2015, 2017). Our results demonstrate that 
RLAF tackles all artifacts that occur, as long as they are rep-
resented in the reference layer, which leads to a substantially 
improved EEG quality compared to predecessor techniques 
(Steyrl et al. 2017).

In this work, we introduce RLAF for the online artifact 
reduction in EEG of simultaneous EEG-fMRI. As in our 
previous work, RLAF is applied as an add on after AAS and 
in this case after online AAS. The evaluation of EEG artifact 
reduction techniques is generally tricky, since a basic truth 
in this issue remains an unknown factor. Several sugges-
tions for evaluation strategies have been made, but despite 
this a gold standard has not emerged yet. For this work, we 
decided to focus on the evaluation of what can be assumed as 
the best known and most widely analyzed EEG phenomena. 
We analyze alpha rhythm amplitude differences between 
opened and closed eyes, and visual evoked potentials (VEP). 
We compare the online version of AAS + RLAF with: the 
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online version of AAS, the offline version of AAS, and EEG 
recorded outside the MRI scanner.

Materials and Methods

Participants

The experiment was performed in accordance with the 
Declaration of Helsinki and was approved by the local 
ethics committee. Seven participants (all male, students, 
age 21–26 years) volunteered in this experiment. One was 
excluded, because he felt uncomfortable inside the scanner 
and aborted the experiment. Participants had medical his-
tories free of neurological abnormalities and gave written 
informed consent for participation before the experiment. 
They received a monetary compensation of 20 €.

Experiment Description

The aim of the present work was to record EEG, specifi-
cally alpha rhythm amplitude differences and evoked brain 
responses and to compare those from measurements inside 
and outside the MRI scanner. Hence, each participant per-
formed the experiment twice. First, recordings were per-
formed outside the MRI scanner, in the room where the 
EEG cap was prepared and then a second time inside the 
MRI scanner. We used a modified version of the experi-
ment in our last RLAF work (Steyrl et al. 2017). The experi-
ment itself was divided into two parts. During the first part, 
evoked brain responses were recorded. Participants had 
their eyes opened and were looking at a computer monitor, 
where a checkerboard was presented. The checkerboard had 
8 × 8 black and white square fields with a small red dot in 
the center. The black and white fields were inverted every 
0.5–0.6 s to trigger visual evoked potentials (VEP). 600 
VEPs were collected per experiment. In the second part 
of the experiment, participants closed their eyes and were 
instructed to relax, but not to fall asleep, to provoke changes 
in the alpha rhythm. The experiments outside and inside the 
scanner differed in three points: (1) Outside the scanner, par-
ticipants were upright sitting in a chair. Inside the scanner, 
participants were lying in supine position. (2) The distance 
between monitor and eyes was about 1 m in the experiments 
outside the scanner (visual angle 20°), and approximately 
2.5 m in the experiments inside the scanner (visible angle 
15°). (3) Outside the scanner, the environment was quiet. 
Inside the scanner, we used earplugs to reduce the scan-
ner noise. One experiment lasted in total about 12 min with 
approximately 6 min opened eyes and 6 min closed eyes. 
The overall time per participant was about 2 h with 20 min 
for instructions and information, 40 min cap preparation 
and testing, 12 min experiment outside, 20 min preparation 

inside scanner, 10 min testing inside scanner, 12 min experi-
ment inside scanner, and 5 min for removing the equipment 
from the participant.

Reference Layer Cap Prototype

In this work, we used the second version of a reference layer 
cap prototype, developed by GUGER TECHNOLOGIES 
OG, Austria (patents pending). This prototype cap offers 
the opportunity of dedicated reference recordings from a 
separate layer. The new cap version has Ag/AgCl sinter-
pellets as electrode contact areas instead of pure Ag. For a 
description and an evaluation of the first version please see 
(Steyrl et al. 2015, 2017). A rendering of the cap is depicted 
in Fig. 1a and see Fig. 1b for a photo of the new cap ver-
sion. The cap size is optimized for a head circumference 
of about 58 cm. However, the cap is flexible enough for 
head circumferences between 56 and 58 cm. To use this 
cap with larger heads is not recommended, because in that 
case the cap can cause pain due to high contact pressure. 
The cap is equipped with 29 double-layer EEG electrode 
pairs, a common ground/reference electrode, and connectors 
for two additional self-adhesive MRI compatible electro-
cardiogram (ECG) electrodes at the participants back. Each 
double-layer EEG electrode is made of a pair of Ag/AgCl 
sinter-pellets with a diameter of approximately 2 mm and a 
thickness of approximately 1 mm. The pellets are glued with 
conductive epoxy to both sides of an approximately 1 mm 
thick printed circuit board (PCB). One pellet connects to the 
scalp via conductive EEG gel and the other to the reference 
layer. The PCB with sinter-pellets is fixed into an isolating 
plastic housing. The whole electrode is about 8 mm thick 
and has a diameter of approximately 14 mm. For a sche-
matic of a double layer electrode see Fig. 1c. The reference 
layer itself is a grid of silicon tubes filled with physiological 
saline solution and is electrically isolated from the scalp, 
except at the common ground/reference electrode. At this 
electrode, the scalp is connected to the reference layer to 
pull them at the same potential. Electrodes are connected 
to the EEG amplifier via thin copper cables. 5kOhm current 
limiting resistors were placed between the sinter-pellets and 
the cables, and additional 5kOhm resistors were placed at 
the end of the cables before a coupling board connects to 
the EEG amplifiers via a flat ribbon cable. ECG connectors 
are equipped with 10kOhm current limiting resistors at the 
electrodes. The cable length is approximately 50 cm. The 
electrode arrangement is according to the international 10/20 
system and depicted in Fig. 1d. We put foam pads between 
the occipital EEG electrodes to prevent pain from lying on 
a few small electrodes, see Fig. 1e. Temperature measure-
ments were carried out during SAR intensive sequences to 
rule out a harmful heating of the electrodes.
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fMRI Scanner and EEG Recording System

Functional MRI data were acquired at a Siemens Skyra 3.0T 
(Siemens, Erlangen, Germany) at the MRI-Lab Graz (Aus-
tria) using a 20 channel head coil. The helium pump was 
active and the ventilation was set to the lowest level possible. 
A standard EPI sequence was implemented (TR = 2250 ms, 
TE = 28 ms, base resolution = 64, 3.5 × 3.5 × 3.5mm3 voxel 

size, 0.4 mm gap, 36 slices, field of view = 224 × 224). EEG 
and ECG was recorded with a 64 channel MRI compatible 
EEG system (BrainAmp MR plus, Brain Products GmbH, 
Gilching, Germany). The EEG system was positioned 
inside the borehole at the head end of the MRI scanner on a 
wooden panel. Cables and amplifiers were fixed with sand 
bags. All amplifier settings were chosen according to the 
manufacturer’s recommendations. Hence, the sampling 

Fig. 1  Reference layer cap prototype. a Rendering of the cap pro-
totype, b cap mounted on a head, c schematics of a reference layer 
electrode pair, d cap layout with electrode positions in the extended 

10/20 system. Available electrode positions are colored orange. The 
common ground/reference electrode is colored yellow. The ECG elec-
trodes are colored red, e cap equipped with foam pads for comfort
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rate was set to 5 kHz, the cut-off frequency of the hardware 
high pass filter to 0.016 Hz and the cut-off frequency of the 
hardware low pass filter to 250 Hz. The voltage range was 
set to ± 16.384 mV, resulting in a resolution of 0.5 μV/bit. 
The EEG system clock was synchronized with the gradient 
clock of the MRI scanner via the Brain Products SyncBox 
device to ensure a highly accurate GA sampling. Sync status 
has been monitored. BrainVision Recorder (Brain Products 
GmbH, Gilching, Germany) software version 1.21.0102 was 
used for EEG data recording. The two ECG channels were 
treated like EEG channels, hence, EEG settings also apply 
to ECG recordings. We carefully prepared the electrode skin 
contact with abrasive electrode gel, but we were not able to 
control the skin impedances. It would appear that separate 
ground and reference electrodes must be mandatory to meas-
ure impedances with that EEG system.

Pre-processing Procedure of Outside-MRI-Scanner 

EEG

After the experiments, outside-MRI-scanner EEG record-
ings were down-sampled from 5000–250 Hz, using the 
“Change sampling rate” transformation in the BrainVision 
Analyzer software (Brain Products GmbH, Gilching, Ger-
many, version 2.1.1.327). That included a 112.5 Hz low-
pass anti-aliasing filter with 24 dB/oct damping before the 
down-sampling. The down-sampling itself is based on spline 
interpolation. See also Fig. 2a for a summary of the pre-
processing procedure. We refer to the EEG after this pro-
cedure of outside-MRI-scanner EEG recording and offline 
EEG pre-processing, when we write of “outside EEG” in 
upcoming chapters.

Offline AAS Artifact Reduction Procedure 

of Inside-MRI-Scanner EEG

BrainVision Analyzer was used to perform artifact reduc-
tion offline and included the following steps: (1) Removing 
signal offsets with a high-pass filter (Butterworth zero phase, 
cut-off at 1 Hz, 4th order). (2) The next step was GA reduc-
tion with AAS as implemented in BrainVision Analyzer. The 
MRI scanner was sending TTL level triggers during the data 
recording, to mark new volumes. These markers were used 
to divide the EEG recordings into GA epochs. GA templates 
have been calculated separately for each epoch by averaging 
over 100 adjacent artifact epochs, 50 before and 50 after the 
current epoch. Subsequently, GA templates were subtracted 
from EEG recordings and all recordings were down sam-
pled to 250 Hz (low-pass anti-aliasing filter, 112.5 Hz cutoff 
frequency, 24dB/oct damping). (3) AAS was carried out a 
second time for PA reduction. To divide the EEG record-
ings into PA epochs, the semiautomatic R-peak detection 
mode of the BrainVision Analyzer software was used. In that 

mode, R-peaks are detected automatically in separate ECG 
recordings, manually readjusted and subsequently used as 
markers. As in the GA reduction step, a separate template 
for subtraction was computed for each PA epoch. 50 adjacent 
PA epochs, 25 epochs before and 25 epochs after each PA, 
have been averaged to obtain the PA templates. The proce-
dure is summarized in Fig. 2b. The number of epochs for 
averaging is a crucial parameter in AAS. It determines the 
adaptiveness of AAS templates as well as the EEG residuals 
in the AAS templates. Unfortunately, no gold standard has 
emerged yet for determining the number of epochs. We base 
our choice on the following argument: In one of the original 
papers on AAS (Allen et al. 2000), the aim was to obtain a 
clean artifact template, in which small events in the EEG 
are not covered by EEG residuals. They authors assumed 
that small EEG events have an amplitude of 10 µV and large 
EEG events have an amplitude of 250 µV, which leads to 
the use of 25 epochs (Allen et al. 2000). Beside the events 
argument, using 25 epochs implies that the RMS amplitude 
of the residual EEG in the template is reduced to 20% of the 
original RMS amplitude of the EEG, since the RMS ampli-
tude is reduced by a factor of 

√

number of epochs. Our goal 
was to at least maintain that level of residual EEG in two 
subsequent applications of AAS. Therefore, a reduction to 
14% of the original RMS amplitude is necessary in each sin-
gle step to maintain an overall reduction to 20%. 50 epochs 
for averaging are necessary to achieve that reduction to 14% 
and was therefore our choice for the minimum number of 
epochs. We name the EEG after this procedure of inside-
MRI-scanner EEG recording and subsequent offline AAS, 
as “offline AAS EEG” throughout this work.

Online AAS Artifact Reduction Procedure 

of Inside-MRI-Scanner EEG

Inside-MRI-scanner EEG recordings were stored with 
BrainVision Recorder and were simultaneously sent to 
BrainVision RecView with the remote data access option 
of the BrainVision Recorder. Online artifact reduction in 
RecView included the following steps: (1) High-pass filter-
ing to remove offsets (Butterworth filter, 1 Hz cut-off fre-
quency, 24 dB/oct damping). (2) Online GA reduction with 
AAS. The TR was used to divide the past EEG into artifact 
epochs. The first 10 epochs per channel were averaged to 
compute initial individual GA templates. New epochs were 
added to the templates if the correlation of the new epoch 
with the current template exceeded a predefined threshold of 
0.975. Subsequently, the current templates were subtracted 
online from the artifact afflicted EEG. (3) Subsequently, the 
EEG was down-sampled to 250 Hz (Butterworth low-pass 
anti-aliasing filter, 112.5 Hz cutoff, 24 dB/oct damping). 
(4) PAs were tackled with online AAS too. The past EEG 
was divided into epochs of PAs via online R-peak detection. 
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Online R-peak detection in RecView is based on a template 
correlation approach. The method searches for a prototypical 
ECG epoch and subsequently compares it with the ongoing 
EEG. If certain thresholds are exceeded an epoch is found 
(settings: minimal pulse period 650 ms, minimal correlation 
0.6, minimal amplitude 0.6, maximal amplitude 1.2). Sepa-
rate PA templates were computed per channel by averaging 

over the last 50 PA epochs of the respective channel. The 
current templates were subtracted online from the artifact 
afflicted EEG. For an overview of this procedure see Fig. 2c. 
It can be assumed that this online artifact reduction proce-
dure has a maximum delay of 150 ms. It takes 80–100 ms 
until the EEG data are available in RecView, including the 
hardware delay of the EEG system, transport of the EEG 

Fig. 2  Signal processing overview. a Outside-MRI-scanner EEG was 
low-pass filtered and down-sampled, b processing of inside-MRI-
scanner EEG to reduce fMRI related artifacts. Average artifact sub-
traction (AAS) was applied twice. First to reduce the gradient artifact 

(GA) and second to reduce the pulse artifact (PA), c Processing pipe-
line to reduce fMRI related artifacts online by applying online AAS 
twice, d Additional adaptive filtering step after online AAS to reduce 
fMRI related artifacts further
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data via USB and the delay of the BrainVision Recorder 
software. The actual online artifact reduction in RecView 
is carried out sample-by-sample and hence, only a small 
additional delay is added. We assume that this delay is below 
50 ms. We abbreviate the EEG after this artifact reduction 
procedure of inside-MRI-scanner recording and online AAS, 
with “online AAS EEG” in the following chapters.

Online AAS + RLAF Artifact Reduction Procedure 

of Inside-MRI-Scanner EEG

In accordance with previous works, we implemented the 
adaptive filtering as an additional processing step after 
GA and PA reduction with AAS (Chowdhury et al. 2014; 
Steyrl et al. 2017). Online AAS artifact reduction was car-
ried out in BrainVision RecView (see description above). 
Subsequently, EEG data were transmitted to MATLAB 
(Mathworks Inc., Natick, MA, USA, Version 2012b) via the 
BrainVision RecView BCI2000 bridge. This bridge opens a 
TCP/IP server and the data can be received with any TCP/
IP client. Brain Products recommends the pnet TCP/IP cli-
ent from the TCP/UDP/IP Toolbox for receiving the data 
in MATLAB. Brain Products provide sample code on their 
homepage on how to use pnet. In MATLAB, the EEG data 
were adaptively filtered. The adaptive filtering was directly 
implemented in MATLAB with the following equations, 

where “n” is the current time sample, “eeg” is the signal of a 
scalp electrode, “ref” is the signal of the respective reference 
electrode, “weight” is the respective scaling factor, which 
we initialized with 1, and “eegadaptive” is the adaptively fil-
tered EEG. “weight” can change its value over time, whereas 
“step” defines the speed of change. Finding a suitable value 
for “step” is a trade-off between speed of adaptation (large 
value) and preventing over-fitting (small value). Based on 
our experience, we choose a rather small value for “step” of 
8 × 10e−7. Our implementation establishes first order mod-
els, hence the reference signals are scaled, but no bandwidth 
limiting filters are learned. The procedure is depicted in 
Fig. 2d. From here on we term the EEG after this procedure 
of inside-MRI-scanner recording and online AAS combined 
with online RLAF as “online AAS + RLAF EEG”.

Analysis and Performance Metrics

After a visual inspection of an EEG example, we analyze 
two very common EEG phenomena that were already used 

(1)

Subtraction step eeg(n)adaptive = eeg(n) − weight(n) ⋅ ref (n)

(2)Weight update step weight(n + 1) = weight(n) + step ⋅ eeg(n)adaptive ⋅ ref (n)

as performance criteria for artifact reduction methods in 
other publications (Chowdhury et al. 2014; Vanderperren 
et al. 2010). Namely, alpha rhythm amplitude changes and 
evoked potentials (EPs).

Alpha Rhythm Amplitude Changes

Oscillatory EEG components often show a brain activity 
related relative difference in their amplitude compared to a 
baseline. A prominent example is the occipital alpha rhythm. 
The amplitude at occipital EEG electrodes rises when one 
closes his/her eyes. The typical frequency range of that rise 
is 8–13 Hz. To visualize the amplitude changes, we com-
puted spectra for the opened eyes period and the closed eyes 
period of the experiment respectively (Welch approach, win-
dow length 5 s, overlap 50%). We report the average spectra 
over the occipital channels (P3, Pz, P4, POz, O1, O2) sepa-
rate for each participant.

To obtain a performance metric that describes the ampli-
tude change of the alpha rhythm, we calculated the ratios of 
alpha amplitude between closed and opened eyes with the 
following equation 

in which  Aclose8−13Hz is the amplitude during the closed eyes 
period and  Aopen8−13Hz is the amplitude during the opened 

eyes period. We report the average of the alpha amplitude 
ratio over occipital EEG channels (P3, Pz, P4, POz, O1, O2) 
separate for each participant.

Artifacts or noise in the EEG can cover the amplitude 
change. Hence, one expects that clean EEG shows a higher 
alpha amplitude ratio than artifact afflicted EEG. This is gen-
erally the case, however, the ratio metric can be distorted 
by artifacts that (1) have the same frequency range and (2) 
change with closed and opened eyes. This may apply to PAs. 
Their frequency range is overlapping with the alpha rhythm 
and if the PA detection rate is different between opened eyes 
and closed eyes, then omitted PA artifacts distort the alpha 
ratio metric. One can avoid this problem in offline PA reduc-
tion with AAS, since it is possible to manually search for 
omitted PAs and to mark them for PA reduction. However, it 
becomes a problem in online AAS, where a manual interven-
tion is not possible. Therefore, we analyzed the PA detection 
rate in the online EEG data, and computed the percentage of 
detected PAs during opened eyes and closed eyes separately 
for each participant.

(3)ratio
�
=

Aclose8−13Hz

Aopen8−13Hz
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With regard to the alpha amplitude ratio metric, it is 
important to asses its topological distribution. We show the 
spatial distribution of the metric in separate topo-plots for 
each participant.

Visual Evoked Potentials

Evoked potentials are often investigated with respect to their 
amplitude. We computed the average visual evoked potential 
(VEPs) of each participant for all different artifact reduc-
tion procedures. The depicted channels were selected by 
the highest outside EEG VEP amplitude of the respective 
participant.

The VEP signal-to-noise-ratio (SNR) and the similarity 
of single VEPs to the respective mean VEP are important 
metrics to quantify VEP quality. We calculated both metrics. 
The SNR was calculated for each EEG channel separately 
using 

where VEP  SNRdb is the signal-to-noise-ratio in dB,  Asignal 
is the amplitude of the signal, and  Anoise is the amplitude of 
the noise. We defined the signal amplitude  (Asignal) as the 
peak-to-peak amplitude of the first and the second peak in 
the average VEP. Average VEPs were calculated by averag-
ing band-limited (1–15 Hz) EEG over the VEP trials of the 
respective EEG channel. We defined the noise amplitude 
 (Anoise) as the root-mean-square (RMS) amplitude of the 
band-limited (1–15 Hz) plus-minus (±) reference of the EEG 
signal of the respective EEG channel (Schimmel 1967). For 
the (±) reference, odd and even VEPs were averaged sepa-
rately and subsequently, the average odd VEP was subtracted 
from the average even VEP. This difference is an estima-
tor of the residual noise in the EEG (Schimmel 1967). The 
RMS amplitudes of  Asignal and  Anoise and therefore the SNR 
too, are dependent on the bandwidth of the EEG. A smaller 
bandwidth implies a smaller RMS amplitude and hence a 
higher SNR, as long as the EP amplitude stays constant. 
However, the choice of the bandwidth is not crucial as long 
as it is the same for all calculations, since our intention is to 
unveil relative differences between the methods. We report 
the average SNR over occipital EEG channels (POz, O1, O2) 
separately for each participant.

The root-mean-square (RMS) distance of single VEPs to 
the average VEP measures the similarity of single VEPs to 
the respective average VEP. This similarity to the average 
VEP is equivalent to the variability of single VEPs. The 
variability has two causes: noise in EEG and the inher-
ent variability of VEPs. One cannot separate these two. 
However, offline AAS EEG, online AAS EEG and online 
AAS + RLAF EEG used the same raw EEG data, hence, the 

(4)VEPSNRdb = 20 ⋅ log10

(

Asignal

Anoise

)

underlying inherent VEP variability was the same. Which 
means that a variability reduction was caused by the artifact 
reduction method that either reduces the noise in EEG or 
the inherent VEP variability, or both. It is important to keep 
in mind, that comparing the RMS distances of inside MRI 
scanner recordings with outside EEG is problematic since 
changes in distance could be caused by differences in the 
inherent VEP variability. RMS distances were normalized 
to the amplitude of the respective average VEP, since RMS 
distances are dependent on the absolute signal amplitudes. 
The distances were calculated per participant and per EEG 
channel with 

where NRMS distance is the average RMS distance divided 
by the amplitude of the respective average VEP. The “RMS 
distance” of the jth VEP to the average VEP was calculated 
using Eq. (5), where “n” is the nth time sample and “N” is 
the total number of time samples of the EEG data epochs. 
EEG data epochs had a length of half a second. We report 
the average NRMS distance over occipital EEG channels 
(POz, O1, O2) separate for each participant.

Results

EEG Example

Figure 3 shows a representative example of what EEG of 
simultaneous EEG-fMRI looks like after the different arti-
fact reduction procedures. The example was taken from par-
ticipant 3 at electrode POZ and covers the time from 330 to 
336 s after starting the paradigm, hence, from the closed 
eyes part of the experiment. EEG after offline AAS(GA) is 
depicted in the upper row. GAs were removed and are no 
lonfer visible, but PAs are clearly identifiable. Maximum 
PA amplitudes are higher than the usual amplitudes of the 
EEG. The remaining three rows depict EEG after PA reduc-
tion procedures. All procedures are effective to some extent. 
PA residuals are noticeable after online AAS (GA + PA) 
e.g. PA residual at second 334. PA residuals are less present 
after offline AAS (GA + PA) and are hardly noticeable after 
online AAS + RLAF. The EEG example includes a period 
of increased alpha activity, which is highlighted in Fig. 3. 
The period is visible after any of the three artifact reduc-
tion procedures. EEG amplitudes differ between the arti-
fact reduction procedures. Highest amplitudes are usually 

(5)RMS distancej =

√

√

√

√
1

N

N
∑

n=1

(

avgVEP(n) − VEPj(n)
)2

(6)NRMS distance =

avgRMS distance

VEPamplitude
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present in online AAS EEG, and smallest amplitudes in 
online AAS(GA + PA) + RLAF EEG.

Alpha Rhythm Amplitude Changes

Figure 4 presents spectra in the frequency range of 1–30 Hz, 
the alpha range of 8–13 Hz is highlighted. In the spectra 
of outside EEG, a clear alpha peak with closed eyes and a 
smaller or no alpha peak with opened eyes are the expected 
results, but the characteristics of the participants’ alpha 
peaks vary.

During closed eyes sessions, the alpha peaks vary in 
terms of magnitude (e.g. factor of 4 between participants 
4 and 6) and latitude (factor of 5 between participants 2 
and 4). Nevertheless, the alpha peak, at least a small one, 
is recognizable for all six participants in the outside EEG 
during closed eyes sessions. This is not the case for inside 
the scanner EEG. In offline AAS EEG, distinct alpha peaks 
are hardly noticeable in participants 5 and 6 and are very 

small in participants 1 and 2. Only participants 3 and 4 show 
clear alpha peaks. In online AAS EEG, participants 2, 3 and 
4 all appear to have a distinct alpha peak. The alpha peak 
is hardly noticeable in EEG of participants 1, 4, and 5. In 
online AAS + RLAF EEG, it seems that there are distinct 
alpha peaks in EEG of participants 2, 3, 4, and 5, while the 
alpha peak is hardly noticeable for participants 1 and 6.

During opened eyes, only participant 5 shows the alpha 
peak in the outside EEG. Small alpha peaks are noticeable 
in participants 1, 2, 3, and 6. No alpha peak is noticeable 
in participant 4. Again the results are different in inside the 
scanner EEG. In offline AAS EEG, small alpha peaks are 
noticeable in participants 1, 3, and 5. In the other partici-
pants, almost no alpha peak is present. In online AAS EEG, 
participants 1, 3, and 4 seems to have a distinct alpha peak. 
In participants 2, 5, and 6, an alpha peak is scarcely notice-
able. In online AAS + RLAF EEG, it appears that there are 
distinct alpha peaks in EEG of participants 2, 3, 4, and 5. 

Fig. 3  Six second EEG exam-
ple of participant 3 at electrode 
POZ, recorded inside the MRI 
scanner during the closed eyes 
part of the experiment, 330 to 
336 seconds after the start of 
the paradigm. Pronounced alpha 
rhythm activity is highlighted. 
Upper row: EEG after offline 
average artifact subtraction 
(AAS) of the GA. Arrows mark 
pulse artifacts. Second row: 
EEG after offline AAS of the 
GA and the PA. Third row: EEG 
after online AAS (GA+PA). 
Bottom row: EEG after online 
AAS (GA+PA) and subsequent 
online reference layer adaptive 
filtering (RLAF)
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Fig. 4  Per participant individual average spectra of EEG at occipi-
tal electrode positions (P3, Pz, P4, POz, O1, O2) for opened eyes 
and closed eyes after different pre-processing and artifact reduction 
methods (average artifact subtraction AAS, reference layer adaptive 

filtering RLAF). In boxes, pulse artifact (PA) detection rates of online 
AAS relative to the pulse artifact detection of offline AAS, separately 
for opened eyes and closed eyes and the respective difference. The 
8–13 Hz frequency range is highlighted

Table 1  Average alpha 
amplitude ratio of closed eyes 
to opened eyes at occipital EEG 
channels (P3, Pz, P4, POZ, O1, 
O2)

EEG was recorded outside the scanner (outside) and inside the MRI scanner simultaneously with fMRI. 
Different artifact reduction procedures were applied to the inside-MRI-scanner EEG. Average artifact sub-
traction (AAS) was applied to the EEG after the recording (offline) or online during the recording (online). 
Reference layer adaptive filtering (RLAF) was applied online as an additional step after online AAS. 
Higher values are better

Alpha ratio (AU) Outside EEG Inside offline AAS 
EEG

Inside online AAS 
EEG

Inside online 
AAS + RLAF

Participant 1 1.71 1.06 1.01 1.04

Participant 2 1.12 1.10 1.61 1.50

Participant 3 2.53 1.36 1.06 1.39

Participant 4 3.62 1.57 1.09 1.58

Participant 5 1.04 0.96 1.08 1.02

Participant 6 1.27 1.22 1.08 1.12
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Again, in participants 1 and 6 there is almost no alpha peak 
noticeable.

Alpha rhythm amplitude changes between closed eyes 
and opened eyes are also different in terms of artifact reduc-
tion procedures and participants. Table 1 lists the alpha 
amplitude ratios for all participants and all artifact reduction 
procedures. The outside EEG alpha ratios are the highest 
among methods in participants 1, 3, 4, and 6, second-highest 
in participant 5 and they are third-highest in participant 2. 
The offline AAS EEG alpha ratios are second-highest for 
participants 1 and 6, third-highest for participants 3 and 4, 
and they are lowest for participants 2 and 5. The online AAS 
EEG alpha ratios are the highest among methods for partici-
pants 2 and 5, and are lowest for participants 1, 3, 4, and 6. 
Alpha ratios of online AAS + RLAF EEG are second-highest 
among methods for participants 2, 3, and 4, and they are 
third-highest for participants 1, 5, and 6.

The online PA detection rate was not stable in all par-
ticipants. In Fig. 4, the differences in online PA detection 
rate between opened eyes and closed eyes are noted in extra 
boxes. Negative differences of − 26, − 21, and − 13 percent 
points were found in participants 2, 5, and 6. A negative dif-
ference implies that the PA detection rate was higher during 
opened eyes and it is likely that the respective alpha ratio is 
increased by artifacts that are not reduced. It can be assumed 
that the increase of the alpha ratio is proportional to the dif-
ference in percent points. No differences in the PA detection 
rate was found in participants 1, and 4. A small positive 
difference was found in participant 3. A positive difference 
implies that the PA detection rate was higher during closed 
eyes and hence it is likely that the alpha ratio is decreased 
by artifacts that are not reduced.

To visualize the topographic distribution of alpha ampli-
tude ratios, we mapped the ratios to 2D electrode positions 
in Fig. 5. The first column depicts the alpha amplitude ratios 
of outside EEG for all six participants. As expected the 
alpha amplitude ratios at occipital electrode positions are 
commonly larger than those on central or frontal positions. 
However, differences between participants in ratio sizes and 
spatial distribution are obvious. Column two shows the alpha 
ratio topo-plots of offline AAS EEG. The aforementioned 
pattern is not present in all participants anymore. For exam-
ple, participant 1 and participant 5 shows only small changes 
in alpha amplitude between closed and opened eyes and par-
ticipant 6 shows a pattern where the highest alpha ratios are 
present in central electrodes. Online AAS EEG alpha ratio 
topo-plots are presented in in column 3. No participant has 
the expected pattern of higher ratios at occipital electrodes. 
For example, participants 2, 5 and 6 have their highest alpha 
ratios at central or frontal electrodes. The topo-plots of the 
online AAS + RLAF alpha ratios in the last column shows 
higher occipital alpha ratios in participants that exhibited 
almost no changes in alpha amplitude in online AAS EEG 

(participants 1, 3, 4). In those participants with highest 
alpha ratios in central or frontal electrodes (participants 2, 
5, 6), online AAS + RLAF was able to reduce those ratios. It 
appears that the topo-plots of online AAS + RLAF are often 
more similar to the topo-plots of offline AAS EEG than to 
the topo-plots of online AAS EEG.

Visual Evoked Potentials

Figure 6 shows single participant VEPs for all different pre-
processing and artifact reduction procedures. The respective 
channel was selected because of the highest outside EEG 
VEP amplitude of the participant. The VEP amplitudes were 
normalized by the RMS noise amplitudes of the (±) refer-
ence. VEP amplitudes are highest in outside EEG among all 
6 participants. In offline AAS EEG VEP amplitudes are sec-
ond-highest in participants 1 and 6 and third-highest in par-
ticipants 3, 4, and 5. In online AAS EEG, VEP amplitudes 
are third-highest in participant 2. In online AAS + RLAF 
EEG, VEP amplitude are second-highest in participants 2, 
3, 4, and 5, and they are third-highest in participants 1 and 6. 
In all 6 participants, VEP amplitudes in online AAS + RLAF 
EEG are higher than in online AAS EEG.

For VEPs, the signal-to-noise-ratio describes the ratio of 
the VEP amplitude to the respective residual noise ampli-
tude, hence, the distinctness of the VEPs. Table 2 collects 
the SNRs of all pre-processing and artifact reduction pro-
cedures and all participants. All SNRs are positive, indi-
cating that VEP amplitudes are higher than the residual 
noise. In outside EEG, the VEP SNR is highest for all 6 
participants. In offline AAS EEG, the SNR is second-highest 
in participants 1, 4, 5, and 6 and third-highest in partici-
pants 2 and 3. In online AAS EEG, the SNR is lowest for 
all 6 participants. In online AAS + RLAF EEG, the SNR is 
second-highest in participants 2, 3, and 5 and third-highest 
in participants 1, 4, and 6. A pattern is noticeable. High-
est SNRs in outside EEG, second-highest SNRs in offline 
EEG or in online AAS + RLAF EEG with small differences 
only, and lowest SNRs in online AAS EEG. SNRs in online 
AAS + RLAF EEG are higher than in online AAS EEG for 
each participant.

Another performance metric that describes VEP quality 
is VEP variability. This criterion describes how similar sin-
gle VEPs are to the respective average VEP. Similarity is 
measured with the normalized root-mean-square distance of 
single VEPs to the respective average VEP. Table 3 presents 
the average VEP distance (NRMS distance) at occipital EEG 
channels for all pre-processing and artifact reduction proce-
dures and all participants. A smaller value denotes a smaller 
distance, hence a lower variability or a higher similarity. 
Offline EEG showed the lowest NRMS distance, hence, VEP 
variability in all 6 participants. Offline AAS EEG showed 
the second-lowest variability in participants 1 and 5 and 
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the third-lowest in participants 2, 3, 4, and 6. Online AAS 
EEG showed the highest variability in all single participants. 
Online AAS + RLAF EEG showed the second-lowest vari-
ability in participants 2, 3, 4, and 6, and the third-lowest in 
participants 1 and 5. The same pattern as with VEP SNR is 
visible. Lowest variability in outside EEG, second-lowest 

variability in offline EEG or in online AAS + RLAF EEG, 
and highest variability in online AAS EEG. Variability in 
online AAS + RLAF EEG is lower than in online AAS EEG 
for each participant.

We exemplify VEP similarity in Fig. 7. The upper row 
depicts the single VEPs of participant 4 at electrode POZ for 

Fig. 5  Per participant topological mapping of the respective alpha 
amplitude ratios (8–13  Hz) after different pre-processing and arti-
fact reduction methods (average artifact subtraction AAS, reference 

layer adaptive filtering RLAF). Alpha ratios were calculated between 
closed and opened eyes, hence, higher values imply higher changes. 
Please note the different scalings
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all pre-processing and artifact reduction procedures. In our 
example, single VEPs are most distinctive in outside EEG, 
followed by online AAS + RLAF EEG and offline AAS 
EEG. In online AAS EEG, single VEPs are hardly notice-
able. These differences are also present in the average VEPs 
in the bottom row of Fig. 7. The peak-to-peak amplitude of 
the normalized average VEP is highest in outside EEG, fol-
lowed by online AAS + RLAF EEG and offline AAS EEG. 
It is lowest in online AAS EEG.

Discussion

We start the discussion with a comparison of online AAS 
artifact reduction with its offline variant, hence a diagnosis 

of the state-of-the-art. Subsequently, we discuss improved 
EEG quality through the additional RLAF step after online 
AAS in the main part of the discussion. Thereafter, we com-
ment on EEG quality differences between inside and outside 
the MRI scanner recorded EEG, we share our experience 
with the new EEG-cap prototype and finally, we discuss 
limitations of this work.

Current State: Offline AAS Versus Online AAS

Effective artifact reduction in EEG of simultaneous EEG-
fMRI is hard to achieve in general. It is even harder to 
achieve, when the artifact reduction has to be performed 
online. We have included offline AAS in this work to 

Fig. 6  Single participant VEPs for different EEG recording and pre-
processing procedures [average artifact subtraction (AAS), reference 
layer adaptive filtering (RLAF)]. Channels were selected by the high-

est VEP amplitude of outside EEG. All VEPs were normalized by the 
RMS amplitudes of the respective (±) reference. Please be aware of 
the different scaling of the y axis
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illustrate the performance differences between offline and 
online AAS.

In the visual inspection of the EEG example, we found 
larger artifact residuals in online AAS EEG than in offline 

AAS EEG. The artifact at second 334 gives a good impres-
sion of the difference. Changes in the alpha range showed 
two different patterns. (1) Participants that showed a stable 
PA artifact detection rate in online AAS (participants 1, 3, 4) 
have larger changes in the alpha range of offline AAS EEG 
than of online AAS EEG. This visual finding is supported 
by the alpha amplitude ratios and also depicted in the topo-
plots, where we find the same pattern. Participant 6 exhibits 
also larger changes in the alpha range of offline AAS EEG 
although the PA detection rate between closed and opened 
eyes was different, however, the topo-plots shows that these 
are presumably caused by artifacts. (2) Participants with dif-
ferences in the PA detection rate (participants 2 and 5) show 
a different pattern. They have smaller changes in the alpha 
range of offline AAS EEG than of online AAS EEG. These 
smaller changes do not imply, however, that online AAS 
performed better than offline AAS in those participants, but 
mean that omitted PAs had a stronger influence than the 
change in alpha rhythm. In the context of VEPs, the SNR 
is higher in offline AAS EEG than in online AAS EEG and 
the NRMS distance of VEPs is smaller in all participants. 
That relation is also visible in the VEP similarity example 
in Fig. 7, where single VEPs are noticeable in offline AAS 
EEG, but not in online AAS EEG.

Both offline and online AAS, are based on the same idea, 
namely to create an artifact template through averaging over 
adjacent artifact epochs and to subtract the template from 
the EEG to remove the artifact. However, offline and online 
AAS naturally differ due to the available EEG data in the 
respective technique. In offline AAS, it is possible to con-
sider future artifact epochs to construct templates. Those 
future artifact epochs are also useful to detect PA epoch 
onsets and it is possible to adjust epoch onsets manually. 
This is not possible in online AAS. We have been observ-
ing periods of up to a minute without working PA epoch 
detection in online AAS EEG of participant 6. Omitted PAs, 
however, cannot fully explain the performance differences 
found between offline and online AAS, since the online PA 
detection worked almost perfectly in participants 1 and 4 and 
the online AAS performance was still lower than the offline 
AAS performance. Hence, the difference in artifact template 
construction must also be responsible.

In summary, a clear pattern is present in our data, namely 
that online AAS is less effective than offline AAS.

Online AAS EEG Quality Improvement Through 

Additional Online RLAF

In our last work on EEG artifact reduction in simultaneous 
EEG-fMRI, we compared reference layer adaptive filtering 
with (1) its direct predecessor, which is termed reference 
layer artifact subtraction (RLAS), and with (2) plain AAS 

Table 2  Average signal-to-noise-ratio (SNR) of visually evoked 
potentials (VEP) at occipital EEG channels (POZ, O1, O2)

EEG was recorded outside the scanner (outside) and inside the MRI 
scanner simultaneously with fMRI. Different artifact reduction proce-
dures were applied to the inside-MRI-scanner EEG. Average artifact 
subtraction (AAS) was applied after the recording (offline) or online 
during the recording (online). Reference layer adaptive filtering 
(RLAF) was applied online as an additional step after online AAS. 
Higher values are better

SNR in dB Outside 
EEG

Inside 
offline AAS 
EEG

Inside 
online AAS 
EEG

Inside online 
AAS + RLAF

Participant 
1

20.7 10.2 6.9 8.6

Participant 
2

13.7 5.7 3.6 6.6

Participant 
3

20.1 15.5 12.4 17.4

Participant 
4

24.2 14.7 8.9 14.5

Participant 
5

23.1 15.5 12.0 15.5

Participant 
6

23.6 11.5 7.3 11.1

Table 3  Average normalized root-mean-square-distances (NRMSD) 
of single visual evoked potentials (VEP) to the respective mean VEP 
at occipital EEG channels (POZ, O1, O2)

EEG was recorded outside the MRI scanner (outside) and inside the 
MRI scanner simultaneously with fMRI. Different artifact reduction 
procedures were applied to the inside-MRI-scanner recorded EEG. 
Average artifact subtraction (AAS) was applied after the record-
ing (offline) or online during the recording (online). Reference layer 
adaptive filtering (RLAF) was applied online as an additional step 
after online AAS. Smaller values are better

NRMSD 
AU

Outside 
EEG

Inside 
offline AAS 
EEG

Inside 
online AAS 
EEG

Inside online 
AAS + RLAF

Participant 
1

1.2 3.1 4.5 3.8

Participant 
2

2.8 7.0 9.5 5.3

Participant 
3

0.7 2.3 3.1 2.1

Participant 
4

0.8 2.0 3.5 1.9

Participant 
5

0.9 2.2 3.6 2.4

Participant 
6

0.7 6.9 9.6 3.0
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as the assumed most common artifact reduction technique 
(Steyrl et al. 2017). Among these techniques, we found that 
RLAF is the most effective one, if RLAF is applied as an 
additional signal processing step after AAS. This result con-
cerning the order of technique combination has also been 
reported by Chowdhury et al. for RLAS (Chowdhury et al. 
2014). Due to this experience and due to the need for higher 
EEG quality in online artifact reduction, we extended RLAF 
to be applicable online.

The EEG example illustrates the effect of online RLAF on 
EEG. Three main effects are visible: (1) Generally, smaller 
amplitudes are an obvious effect of RLAF. Peak-to-peak 

amplitudes dropped from approximately ± 50 to ± 0 µV. This 
effect comes from the adaptive subtraction and was already 
reported by Chowdhury et al. in their work about RLAS and 
in our last work on RLAF (Chowdhury et al. 2014; Steyrl 
et al. 2017). (2) Residual artifacts are hardly identifiable in 
online AAS + RLAF EEG, but are visible in online AAS 
EEG. (3) The period of enhanced alpha activity is present 
in both online AAS EEG and online AAS + RLAF EEG.

In the spectra, we once again found two patterns of ampli-
tude changes in the alpha range and they are the same as 
for offline AAS versus online AAS. (1) Participants with a 
stable PA artifact detection rate in online AAS (participants 

Fig. 7  Representative examples of visually evoked potentials (VEPs) 
for different pre-processing and artifact reduction procedures (average 
artifact subtraction AAS, reference layer adaptive filtering RLAF). 
Examples are from participant 4 at electrode POZ. Upper row: sin-

gle VEPs at electrode POZ (1–15  Hz). Bottom row: average VEPs 
at electrode POZ scaled to the EEG noise amplitude. Hence, VEP 
amplitude divided by the root-mean-square value of the (±) reference
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1, 3, 4) exhibit larger changes in the alpha range of online 
AAS + RLAF EEG than of online AAS EEG. Participant 
6 again showed the same pattern. (2) Participants with 
an unstable PA detection rate (participants 2 and 5) again 
showed the opposite pattern, hence smaller changes in the 
alpha range of online AAS + RLAF EEG than of online AAS 
EEG. This visual finding is reflected in the alpha ampli-
tude ratios in Table 1 too. Both the larger and smaller alpha 
amplitude ratio results, however, imply that RLAF is remov-
ing residual artifacts and is improving the EEG quality for 
those participants. RLAF shows a different behavior because 
the main cause of the amplitude changes differs in those 
participants. In participants 1, 3, 4, and 6, the PA detection 
ratio between closed and opened eyes was stable or relatively 
stable and the main cause for amplitude changes was thus 
the alpha rhythm. RLAF was able to sharpen that amplitude 
change by removing residual artifacts and therefore, alpha 
amplitude ratios are larger in online AAS + RLAF EEG than 
in online AAS EEG for those participants. On the other 
hand, in participants 2 and 5, the PA detection ratio between 
closed and opened eyes was not stable, and hence omitted 
PAs were the main cause for amplitude changes. RLAF is 
reducing these artifacts, and hence the alpha amplitude ratios 
are smaller in online AAS + RLAF EEG than in online AAS 
EEG for those participants. These considerations are sup-
ported by the offline AAS results. Alpha amplitude ratios of 
offline AAS EEG are not afflicted by the stability of the PA 
detection rate, since we manually corrected omitted PAs. 
The following pattern can be seen: RLAF improves the alpha 
amplitude ratio towards the alpha ratios of offline AAS for 
all participants, with improvements from 3 to 45%.

A change in alpha amplitude at occipital EEG channels 
between closed and opened eyes is expected in the topo-
plots, hence a larger alpha amplitude ratio at these channels. 
Such patterns are hardly noticeable, however, in online AAS 
EEG. Nonetheless, they are visible in offline AAS EEG, 
which indicates, that changes actually do occur in alpha 
amplitudes as expected. In online AAS + RLAF EEG on 
the other hand, alpha amplitude changes are visible and in 
single participants even more pronounced than in offline 
AAS EEG. These patterns are often more similar to the pat-
terns of offline AAS EEG than to the patterns of online AAS 
EEG and as a result these topo-plots give the impression that 
online RLAF is able to unveil the alpha amplitude changes 
from online AAS EEG.

We found a straight-forward pattern in the single partici-
pants VEPs. The VEP amplitudes are larger for all partici-
pants in online AAS + RLAF EEG than in online AAS EEG, 
whereby the VEP shapes are hardly changed. The shapes 
are also similar to outside EEG VEP shapes, but with lower 
amplitudes.

The VEP SNRs of online AAS + RLAF EEG are also 
higher in all single participants than the VEP SNRs of online 

AAS EEG, with SNR gains between 25 and 63%. (V)EP 
experiments typically require numerous repetitions, since 
averaging is commonly the method of choice for getting rid 
of the ongoing EEG and residual artifacts and consequently 
to make EPs visible. The starting SNR and the number of 
repetitions define the resulting EP quality, hence the final 
SNR after averaging. A higher starting SNR makes it pos-
sible to reduce the number of repetitions while maintaining 
a specific (V)EP SNR or it allows for higher (V)EP SNR 
within the same experiment duration. Both options are 
greatly welcomed by neuroscientists.

Normalized-root-mean-square-distances of single VEPs 
are lower in online AAS + RLAF EEG than in online AAS 
EEG for each single participant, with differences between 
− 16 and − 44%. The variability reduction is caused by either 
noise reduction, including artifact residuals, or reduction of 
the inherent VEP variability, or both. A reduction of the 
inherent VEP variability implies a loss in VEP signals and 
is therefore unwanted. However, since VEP shapes are not 
altered in online AAS + RLAF and VEP SNRs are simul-
taneously improved, we argue that the VEP signal loss is 
only minor and that online RLAF is mainly reducing noise 
and artifacts.

Single VEPs are hardly noticeable in online AAS EEG 
of Fig. 7. The variability in this EEG is too high. In con-
trast, single VEPs are visible in online AAS + RLAF EEG, 
because of the lower variability. It is noteworthy that the 
bandwidth was the same for both.

Several possible causes are apparent as to why RLAF 
improves EEG quality over online AAS EEG. (1) RLAF is 
able to reduce PAs that were omitted by the online PA detec-
tion, and hence, were not reduced in AAS. (2) Residual PAs 
are present after AAS and they mask the EEG. For example, 
participant 4 had an exceptionally high alpha power ratio, 
as unveiled with offline AAS. However, this high ratio is 
not visible in online AAS EEG and for this participant in 
particular, we observed significant PA residuals over the 
whole experiment duration, although the PA detection 
rate was about 100%. RLAF reduced the PA residuals and 
unveiled the alpha power changes. (3) RLAF reduces other 
artifacts or residuals of other artifacts too, as long as they 
are represented in the reference layer of the cap. None of 
these possible causes alone can explain all of the EEG qual-
ity improvements. Hence, we assume that a combination of 
them is responsible for the observed quality improvement.

Occasionally, online AAS + RLAF can even compete with 
offline AAS. e.g. in participants 1, 3, and 4, alpha amplitude 
ratios in online AAS + RLAF EEG are on eye level with 
ratios in offline AAS EEG. In participants 2, 3, 4, 5, and 6, 
the VEP SNRs in online AAS + RLAF EEG are on eye level 
with SNRs in offline AAS EEG. Online AAS + RLAF can 
keep up with offline AAS even at 3T MRI scanners, also 
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when comparing the example of raw EEG, the alpha power 
ratio mapping, and the VEP variability.

A practical advantage of the RLAF technique is its low 
demand on computing power. The complete system consists 
of (1) the BrainProducts software that takes on the record-
ing and the online AAS, (2) a Matlab script that handles the 
paradigm control and the adaptive filtering and (3) the com-
munication required between these components. The system 
was running on a laptop with an Intel Core i7 mobile CPU at 
2.4 GHz and 8 GB RAM. Windowing or storing of old data 
is not required in the online RLAF part, adaptive filtering 
steps are computed sample-by-sample. Hence, the additional 
RLAF step only adds a delay of one sample for processing 
and the delay of the network communication to the artifact 
reduction process of the BrainProducts system. However, a 
block processing scheme is also entirely feasible, that would 
be able to speed up the computation at higher sampling rates.

In summary, our performance metrics document that 
online RLAF is able to effectively reduce residual MRI 
related artifacts in online AAS.

EEG of simultaneous EEG-fMRI compared to EEG 

from outside the MRI

We did not yet comment on the general EEG quality loss 
of simultaneous EEG-fMRI compared to EEG that was 
recorded outside the MRI scanner. Such comparisons have 
been made already, particularly in the papers of Allen et al. 
in which they invented the AAS technique (Allen et al. 1998, 
2000). However, such a comparison was still missing for 
the reference layer cap prototype and in addition we are not 
aware of a comparison between outside EEG and online 
AAS EEG.

Our performance metrics show that in any terms of 
comparison, the inside MRI scanner EEG quality never 
reaches that of outside EEG. The differences are substan-
tial. For example, alpha amplitude ratios are higher in out-
side EEG than in any EEG of simultaneous EEG-fMRI if 
the alpha amplitude changes were not caused by artifacts. 
Other examples are SNRs of VEPs and NRMS distances 
of VEPs, where we see the same: Simultaneous EEG-fMRI 
recording comes at the cost of EEG quality. Nevertheless, 
simultaneous EEG-fMRI enables us to address new research 
questions about the human brain, which cannot be answered 
without this combination of techniques. Hence, this gap in 
EEG quality demonstrated how important new techniques 
are that improve the quality of inside MRI scanner recorded 
EEG, such as the one we present here in this work with the 
RLAF technique.

Reference Layer Cap Prototype

The old reference layer cap prototype, that was used in our 
last work on RLAF, became unusable after several applica-
tions (Steyrl et al. 2017). The electrode contact areas were 
made of copper and coated with silver. Unfortunately the 
abrasive electrode gel removed the silver coating and the 
underlying copper was revealed. The copper formed a half 
cell potential with the remaining silver, leading to a high off-
set voltage that caused permanent saturation at the amplifier. 
The new reference layer cap prototype overcomes this major 
drawback by using Ag/AgCl sinter pellets as electrode con-
tact areas. The pellets are about 1 mm thick and as a result 
can resist the abrasive gel much longer. We did not notice 
a degradation of the pellets after 20+ (test) measurements. 
We assume that the durability of the electrodes of the new 
prototype cap will be similar to standard EEG electrodes. 
The advantages of the old cap prototype are valid for the 
new cap too. It is compatible with available EEG amplifier 
systems, which allows the upgrading for existing systems, its 
preparation and handling times are similar to standard EEG 
caps, no additional susceptibility artifacts are noticeable in 
fMRI recordings, and EEG of reasonable quality became 
visible after AAS.

Limitations

It is not possible to compare our results statistically, due 
to the limited number of participants. Hence, all compari-
sons imply a numerical difference only. Nevertheless, as 
described above, our results show very similar patterns in 
the performance metrics among all participants: (1) online 
AAS + RLAF superior to online AAS and (2) occasionally at 
eye level with offline AAS. (3) outside MRI scanner record-
ings superior to all inside scanner techniques. These patterns 
were stable among participants, with only two exceptions. 
The alpha amplitude ratios of participant 2 and 5 were high-
est in online AAS EEG, and lowest in offline AAS EEG. We 
assume that the reason for this deviation from the pattern is 
the unstable detection of PA epoch onsets. The onset detec-
tion failed more often during the eyes closed part of the 
experiment. This was visible in the spectrum as a higher 
power in lower frequency ranges, including the alpha range. 
We thus attribute the deviation of participants 2 and 5 to 
the higher number of PAs that are not reduced in the eyes 
closed part of the experiment. This behavior of the alpha 
amplitude ratios demonstrates one weakness of this metric, 
it is depending on a constant performance of the artifact 
reduction over the whole experiment duration.

Regarding our choice of the number of epochs for aver-
aging in AAS, it is important to note that another number 
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possibly leads to better results of AAS. We did not optimize 
that number via e.g. a pre-study.

The online artifact reduction procedure is not of course 
instantaneous. The maximum delay of online AAS can be 
assumed to be 150 ms and RLAF adds a marginally delay 
only. Nevertheless, the overall delay needs to be determined 
accurately in a future work, since this delay is crucial for 
experiment design.

Another limitation of this work concerns the inside/out-
side MRI EEG comparison. It must be noted that although 
the experiment was the same inside and outside the MRI 
scanner and the cap stayed in place between the two experi-
ments, the recordings are not necessarily comparable, since 
the environment parameters changed. For example, the dis-
tance to the screen was different inside and outside the scan-
ner, participants were in sitting position outside and in lying 
position inside and outside it was quiet but inside it was 
loud. Hence, natural changes of the EEG over time cannot 
be ruled out as a source of differences, since the order of 
inside and outside EEG measurements was not randomized.

Conclusion

EEG quality is generally impaired when simultaneously 
acquired with fMRI. This impairment is even more pro-
nounced, when artifact reduction techniques have to be per-
formed online. Our results document this behavior for AAS, 
namely that online AAS is less effective than offline AAS. 
We extended the technique RLAF from offline to online use 
in order to improve online artifact reduction. We showed 
that online AAS + RLAF achieves higher numerical perfor-
mance in all metrics when compared to online AAS. Further, 
we demonstrated that online AAS + RLAF is occasionally 
even comparable with the offline AAS artifact reduction 
technique at 3T MRI scanners. Based on these results, we 
believe online RLAF to be an add on technique after AAS, 
which has the potential to become a very important tool in 
the field of simultaneous EEG-fMRI and that will allow us 
to carry out simultaneous EEG-fMRI experiments at a new 
level of EEG quality.
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