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Abstrakt

Diplomova prace se zabyva hybridnim vy8aim fMRI-EEG. V EEG signalu jsoufipomny dva
zakladni artefakty, gradientni a balistokardiogiaji Po odstraimi gradientniho artefaktu a detekce
R vin v kanalu EKG byl navrZzen postup pro odstranbalistokardiografického artefaktu, pomoci
metody odétu artefaktového vzoru, pomoci metody ICA (metodszavislych prornnych) a

metody spojujici obuvedené. Byla vyhodnocena @Spost vSech metod a jejich vliv na evokované
potencialy v signalu EEG.

Kli ¢ova slova

balistokardiograficky artefakt, gradientni artefakbetoda nezavislych pramnych, evokované
potencialy

Abstract

Master’s thesis deals with hybrid examination fMEHG. Two main artifacts are present in EEG,
imaging (gradient) and ballistocardiographic. Afteadient artifact removal and R wave detection in
ECG channel, approach for ballistographic artifemnoval was proposed, with help of artifact
template subtraction method, ICA and combined nwetHefficiency and influence on evoked

potentials of all methods were evaluated.

Keywords

ballistocardiographic artifact, gradient artifaclependent component analysis, evoked potentials
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1 Introduction

Combined recording and analysis of electroenceginapny (EEG) and functional magnetic
resonance imaging(fMRI) provide non-invasively imf@tion about functional state of brain. EEG
has a very good temporal resolution, but suffemfifmoor spatial resolution. fMRI has an advantage
in good spatial resolution, but due to nonzero tilomaof data acquisition we cannot reach a suitable
temporal resolution. Combined measurement has beed for the examination of event-related
potentials, spontaneous sleep, epileptic activatyall as alpha rhytms.

EEG data suffer in this case from two major actdaThe gradient artifact is caused by switchihg o

magnetic fields during MRI image aquisition. Theasd, ballistocardiogram artifact (BCG) is a

bigger methodological challenge. It is related éodeac related movements of the body, small, but
firm movement of the electrodes and scalp due pmesion and contraction of scalp arteries. Also
fluctiations of the Hall-voltage due to pulsatifgeed changes of the blood in arteries plays ites ro

In this thesis, whole artifact removal process W described. Firstly, imaging artifact must be
removed. Secondly, QRS intervals in ECG channelstrba well detected. In third part, possible
methods for BCG artifact removal are proposed. s énd, effect on the evoked potentials is
described.
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2 Theoretical part

2.1 f{MRI

Functional magnetic resonance imaging measureshémeodynamic response related to neural
aktivity in the human brain. This idea has beers@néed since 1890s. Since the neural cells has been
active, consumption of oxygen increases and at time the metabolism switches to anaerobic
glycolysis, the local response is increasing blod to these regions of increased neural activity.
This response has a latency of approximately 1-After this interval blood flow falls slightly to
baseline. This leads to local changes in the x&atoncentration of hemoglobin and oxyhemoglobin.
In 1990 Dr. Seiji Ogawa reported the blood oxygematlevel dependent (BOLD) contrast
mechanism. The basis of this technique is the fid&{ deoxyhemoglobin acts as own natural
intravascular paramagnetic agent. This meansteitsathe magnetic field in its vicinity. The effast
directly equal to the concentration of deoxyhemoglobin. Btatde local distortion of the magnetic
field surrounding the red blood cells and surrongdblood vessel is produced. This has effect on
decreasing in both transverse relaxation tif3@ &nd the apparent transverse relaxation tifj¢. (t
caused attenuation of the signal intensity.

2.2 EEG

Electroencephalography is a recording of the atadtactivity of brain produced by firing neurons.
Signals from the scalp have, in general, amplitudaging from a fewV's to approximately 10QV

and frequencies, which extent from 0,5 to 30-40 EEG rhythms are conventionally classified into
five frequency bands.

Content of different types of rhythms depends andge and mental state of the subject. Newborn
EEG is different from adult one, it contents sigrahtly higher frequencies.

2.2.1 Rhytms
These rhytms are present:
a) 6 (<4 Hz)

This rhythm has a large amplitude. It occurs modtlying deep sleep. It is usually not observed in
the awake, normal adult, but may occur during aadetamage or brain disease(encephalopathy).

b) 6 (4-7 Hz)
We can find this rhythm during drowsiness and irtase stages of sleep.
c) a(8-13 Hz)

This rhytms is typical in normal subjects who ataxed and awake with closed eyes. This activity
decreases when the eyes are open. Largest ampbtaoteEasured in the occipital regions.

d) B (14-30 Hz)

Fast rhythm with low amplitude. It occurs duringteén sleep stages. It occurs mainly in the frontal
and central regions of the scalp and it is conmktidéhe activated cortex.

e) y (>30 Hz)

11



Gamma rhythm is related to the state of activermfdion processing of the cortex.

Most of the above rhythms may persist up to sevemautes, while others occur only for a few
seconds, such asrhythm. It is important to realize that one rhytismot present at all times, but an
irregular, arrhytmic-looking signal may prevail thg long time intervals.

2.2.1 Recording techniques

The clinical EEG commonly uses the internationdP@G0system, which is standardized. This system
means, that 21 electrodes are attached to thecsudhthe scalp. The numbers 10 and 20 are
percentages signifying relative distances betweterent electrode locations on the skull perimeter
Bipolar and also unipolar electrodes are used inical routine. Unipolar electrodes require a
reference electrode, either positioned distantlya&en as the average of all electrodes. The spacin
is relatively sparse. The distance is 4,5 cm beatvedectrodes. Using too few electrodes may reault i
aliasing in the spatial domain and consequentlg &hectrical activity will be inaccurately
represented. Sufficient number of electrodes ar@r6Hdigher in order to provide sufficient details.
Sampling interval is usually selectected at 200 Mare detailed characteristics analysis of trartsien
evoked waveforms may, however, necessitate a sulwstally higher sampling rate.

Fig 1 International 10-20 EEG electrode systém (redrénom [1]). Odd numbers are on the left,
even numbers on right and with Z in the center.

12
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Fig 2 International 10-20 EEG electrode systém|[2]

Main EEG applications are study of epilepsy andsidisorders.[2]
2.3 Evoked potentials

Evoked potentials represent an event-related &ctivoccurs in form of electrical response frone th
brain or the brainstem. Various types of sensomygation exist, visual and auditory are most
commonly used. We can get information about senpatlgways abnormalities, disorders related to
language and speech. Electrode configuration idaino that of the EEG recording. The potentials
are transient waveforms. Morphology of these wavefodepends on the type and strength of the
stimulus, the electrode positions on the scalp @aisd mental state of the subject. (wakefulness,
expectation and attention).

EPs typically extent from 0,1 to V. They are hidden in the ongoing activity, becahse aktivity
ranges from 10 up to 10@&s. Ongoing activity is here considered as "noisdiisThoise must be
suppressed. EPs occur regurarly after a delayeteta the time of stimulus presentation. Ensemble
averaging can be used to reduce the noise lev.aMeraging is not without complications. Evoked
response undergoes dynamic changes. Consideraldearck has been directed toward
findingtechniques which can track dynamic changds)e at the same time providing sufficient
noise reduction.

One popular approach consist of assumption, thah easponse can be modeled as a linear
combination of a subset of orthogonal basis fumstid'he response is obtained by reconstruction of
the response from a small number of basis functidhe weights of the linear combination result
from fitting the basis functions to the observeshbanse.

The peak (wave komponent) of the EP is referretiedetters P (positive amplitude) and N (negative
amplitude). Number means the latency in milisecofiden the time at which the stimulus was
elicited.

Evoked potentials usually results from visual (VERyditory (AEP) and somatosensory (SEP)

stimulation. Normative values of these potentiais stringly dependent on age. We can mark these
potentials as abnormal, when they have increaseddg, decreased amplitude or are missing.

13



Isopotential maps

EPs are often analyzed in individual channels wadpect to temporal and amplitude waveform
properties without involving information recordedather channels. Additional information can be
derived on the spatial distribution of voltagestioa scalp by simultaneously analyzing the data in a
multichannel recording. Each map is created by eoting points on the scalp with equal voltages,
this creates the isopotential map. Interpolatiomsisally performed to make the map continuous-
looking for ease of interpretation. The resultieges of maps can be used to localize the underlyin
sources, that would generate the maps, sourcetwhially are considered in terms of a dipole
model.

2.4 Hybrid fMRI/EEG

Hybrid simultaneously fMRI/EEG examination conneath/antages of both methods. At the same
time information from both methods is aquired. @yati suppression of MR-induced artifacts require
complex and time-demanding processing. The len§tbession reduces both subject’s discomfort
and data processing restrictions. Due to this ¢mmdi several researchers are focussing on differen
techniques to combine EEG and fMRI separately. §anaous recording of EEG and MRI is
necessary, when some time-depending effects (legrhiabituation) occurs within the experimental
design. Some brain processes are unpredictablee Sxxamples of this processes are abnormal
activities in epileptic patients, sleep stages apdntaneous fluctuations of different EEG rhytms.
When e.c. some cognitive process need to be explareadditional sensory stimulation represents
source of difference with the data collected owsiBeproducibility of cognitive experiments is
discussed, therefore simultaneous aquisition isetteSMRI does not affect latencies and amplitudes
of the main waveforms, as well as scalp distributd brain activity, that’s an argument for separat
aquisition. In the contrary when analysis is focusen single-trial responses to nociceptive
stimulation, variability induced a degree of unpec&ability, therefore simultaneous acquisition is
also desired. Simultaneous aquisition has an effacbetween-trial variations, this could clarify
better the relationship between the nature of tpeas measured by EEG and fMRI. This could be
shown on example, that latency jitter of LEPs gjigprdecreases the amplitude of the average signal
as compared to the average of single-trial ampmgudew approach has an aim of identifying EEG
characteristics that correlate most closely wittRiMneasures. Most of the studies describing evoked
potentials accept the interleaved approach, thanmeelatively long periods of fMRI acquisition
with similar periods without scanning. Second choaf the interleaved approach is performing
"sparse” fMRI. Single images are collected withedagl that allows the registration of the predicted
peak of an evoked hemodynamic response.

Both temporal and spatial resolution increase.[2]

Unfortunately, a lot of problems elicite. Experintedrsetup is difficult, EEG hardware must comply
with conditions of patients safety and quality oflected data.

E.c. patients safetypuring this examination some safety hazards canroddie main is induction of
currents in the EEG electrodes and leads by theuselectromagnetic fields in fMRI. Avoiding
loops in electrode leads and putting current-lingtresistors in series with each electrode lead may
avoid danger. In contrast, maximization of the Eft@hal-to-noise ratio is desired. F. e. when rfchea
coils is using, magnitude @, near the head coil is sine-modulat&d.increases symmetrically as a
function of the distance from the central axialngavith a gain about 60 % near the edges of tHe coi
Field must be lowest near the imaged body and maximear the headcoil. Values differs not so
significantly. Also power may be deposited insidely due to eddy currents from the RF pulses.[3]

The biggest problem during hybrfiIRI/EEG examination means artifacts.

14



Artifacts

Artifact in general is a structure or feature notmally present but visible as a result of an exder
agent or action, such as one seen in an image geddy radiology.

Artifacts in EEG can be divided into several majategories.

Firstly, machine and impedance artifact may desirogiges. The electrode could be broken or
improperly attached to the head. The most commochma artifact is so called 60-cycle artifact,
either from common ground loop, when the patierd haen grounded more than once or from
nearby equipment. Ground electrode could be shtotede of the active electrodes, it may appear in
many different channels. Only when the bridge betwground and scalp electrodes is removed, this
problem is eliminated.[1]

Multiple types of artifacts could be present at s#zme time. Certain types of artifacts are more
frequently encountered in certain recording sitieacte.g. during sleep. Main types are muscle
artifacts, less common artifacts have origin inpnegion, tongue movements, tremor and skin
potential.

Most common physiological artifacts are oculograpmd cardiac.

The measured voltage is proportional to the anflgaae. Eye is relative dipole, cornea is more
positive, retina negative. The strength of the risteng EOG signal depends primarily on the
proximity of the electrode to the eye and the dicgcin which the eye is moving. EOG artifact can
sometimes be confused with slow EEG activity, tretd delta.EOG may interfere also when rapid
movements occur during sleep. Eye movement artifa@asier to detect, when it develops from
vertical eye movement. It suggest the possibilitpiaterally synchronous waves. Cortical activity
have the same phase both above and below the eye.

Most troublesome artifact from cardiac artifactsthe artifact resulting from QRS complex. It
produces a sharp wave or spike in the EEG. Thet@ohghythm is not a sufficient discriminator. A
particular QRS complex will be observed, then saveomplexes will be missed and then another
complex will be visible. It is crucial to apply EE&onitor to every patient, because otherwise it is
not possible to differentiate ECG artifact and sgikOnly EEG electrode on the shoulder referenced
to the ear is appropriate.

The next artifact is pulsation artifact. It resultem the blood pulsing through a vessel under an
electrode. Slow wave in EEG occurs. Slight movenwnhe electrode off the pulsating vessel is
sufficient to eliminate this artifact.

The last is ballistocardiographic artifact.(Sometsnall these artifacts are considered as cardiac
related artifacts.)[2]

15
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Fig 3 Noise sources in event related measurements [4]

2.4.1 Gradient (imaging) artifact
Magnetic field changes during the MRI examinatiome dlo switching of the magnetic field gradients.
Normally, gradient switching is repeated during #oguisition of each slice. The amplitude of this
artifact can be 100 times greater than the EEGastighiso frequency range overlaps with EEG.
Artifact amplitude and shape varies from one EE@nciel to another depending on the location of
the electrode and the wire connection. [5]
Although the artifact is a consequence of sequieRftaand gradient pulses, which time scale is about
microsecond time scale, original artifact usuattypsist of components with a much higher frequency
than those of EEG. To obtain the real artifact vimwe, 3-5 kHz sampling rate must be used. In [6] it
was concluded, that the artifact can have comgddiut consistent waveforms, and each peak
component corresponds precisely to an RF or agmagulse. The artifacts caused by gradient pulses
are much larger than those by RF pulses. An arttfamponent typically consist of
of a pair of peaks, one positive or negative ardadther inverse to the previous. This implies, that
gradient artifact has its origin in electromagneteipling (Faraday’s law). [6]
A detailed analysis of RF (radio frequency) anddggat artifact allows us to remove them through an
online “sample by sample” subtraction.
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It was estimated, that maximum gradient artifactplggude is of about a few tens of mV (12 mV
for EEG signals and 120 mV for ECG signal, respety). [7]

Another estimate of artifact size caused by swiap@dient is of 600 mV in the EEG. The
interference which come from the RF alone is 50 [8Y.
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2.4.2 Ballistocardiographic artifact
The large ballistocardiogram artifact is correlatedthe current, which is induced by a wire-like
blood movement in a magnetic fiel®] This artifact is originated by the slight micromawvents of
the head due to heartbeat and consist of potentiaig are sometimes higher than the EEG
amplitude.[7] Pulse artifact can be induced by tlfiow inside the heads veins, in normal direction
to the static magnetic field. [8]
The exact properties of the BCG artefact are gitlorly characterized, BCG became a
methodological challeng§lO]
From the beginning of fMRI/EEG examination, in filBEG recordings substantial, heart-beat-related
artifact was present [11][12JAs a reason pulsatile whole body motion, time-latke cardiac
activity was identified. [11] Body motion was caddey the abrupt reversal and acceleration in blood
flow in the aortic arch[12]
Study on interpretation @ahe possible origins of the BCG artefact lead &ating of of various BCG
removal methods.
It is agreed, that motion causes the BCG, but #tils not clear, what particular motion is most
relevant. Some researchers indicate cardiac-rellaged rotation, which is caused by axial body
motion, as the major caugkl][13]. Other studies consider the pulsatile movement efsttalp as a
main reason. Thus also EEG electrodes and cableemenmt is caused by the expansion and
contraction of adjacent blood vesséts[14] a motion sensor was placed on the temporahartThis
was used in combination with an adaptive filterjolihlead to succesfull removal of the algorithm.
Blood as a conductive fluid induces electrical ptitds while moving[15] Blood flow itself could
cause the BC@EL6] [10]
Axial movement of the body can cause, with a dedagpdding head rotation (pitch). Nodding head
rotation leads to opposite polarity voltages at &fd right hemisphere electrodes and also inverse
polarity voltages in a later time due to the ratatof the head back to original position

If both of these effects (electrodes movement afjato blood vessels and current which is induced
by blood flow) contribute to the artifact, BCG witle more spatially dependent than axial rotation
alone.Areas, where electrodes are adjacent to blood ie@sental-temporal and occipital channels)
would show larger BCG-related artifactsateral electrodes would be pushed outwards byelesk
these mechanisms, which have different tempoval spadial properties, contribute to the to the
BCG, this leads to removal methods, which are dpgr@an a channel-by-channel instead of a spatial
template basis. [10]

Head rotation is consider as a major contributmthe BCG [13] in both EEG and ECG channels,
during the 200- to 400-ms interval. Some of thdfects may also be caused by the momentu of the
blood flow in axial direction towards the brain.

[10]

Average subtraction method assumes that all BCGefsawns are very simile during the gin
recording session, which is unrealistic for movetndime assumption of regularity is obviously
violated and average subtraction can actually cdistertion of the EEGIn EEG data, there may be
artifacts, which are related to cardiac pulse ahitlwshould be dependent on BG3]

18



MR B field Ejection phase
of cardiac cycle

E

o

=

- 500 ml/s

°

2

o L llustration of blood
flow in arch of aorta

EEG/ECG ‘expansion
'movement

-
@
=
=
©
o
7}

"4

=

EEG-ECG single trial

ECG electrode

on subjects’ back

Evoked ECG

[
[
I
1
[
'
[l
'
'
'
'
'
'
'
'
'
'
'
[
[
'
'
[
[
'
'
'
'
'

LI
v
T — ot
1! 1 -=15T
I — 30T
|I y —=70T
!
head rotation (pitch) and/or L':
axial blood flow momentum l ! jlntervaly
Systole Diastole

Fig 6 Two major contributions to the BCG artifact [10]

19



[ v (@ V] ()
=30 F I(
{ 1
}-20 I,( K H
:-m K \\ N 2 W |I
L | A | . ) | fﬁ\ !
st BN RNy TaW :
[ \ }‘ =i N \ wrd B J---\‘r; ------ ‘\\ ------ B --{-'\ ----------- 74--\\-\---4;
f10 \ I) \/ = ||[ \ { \‘ f \\. 7 S
: | \ e
2 . BCG artifact - 2 lIJI
| |
tan
[ it S0 i pre 50 so0 mgms] 4 100 200 300 400 500 800 700 M8
(V] first second ® ] @
{15 < polarity -» «polaritys
I reversal reversal f(\
Fo .f"\ " I|| |
\

3 ,-'/ || ll'[ l|I ~ /\ I|| \ {\ |

\ /| i A / . J \ 3 — { | \ ~

o \ Y L iJI k\ﬁ ../ e || l 3 ok e -

S/ | \ e / | i S
\ [\ \'\ \[ i
5 ~ ¢ —
\/ R V
; \ ! i
|18 ._,l =
100 200 300 400 500 500 ?on[ms] 100 200 300 400 500 500 700 [Mé]

Fig 7 The averaged time courses of the BCG artifact ifd€Zour representative subjects (source:

[17])

E.g. BCG artifact can have in channel Cz charasttertime course. BCG mainly influenced the
signal between 80 ms and 500 ms post-QRS compleanl be defined as two successive polarity
reversals. First high polarity reversal appearsiaftd7 ms after the QRS complex and second, which
is smaller, occurs 304 ms after the first one. Maaplitude of first polarity reversal is 13;8/.
Second has only gV. [17]

Major artifact is present in ECG at a peak lateatgbout 210 ms [9] and does not start before 150
ms after the QRS complex. In one study, majorautipeak in the EEG become is visible, with a
prominent left/right polarity reversal at about 280240 ms [10]

Several removal methods are proposed in its ofiyirusing the spatial properties of the bipolar
montage. One possibility is to make a suitable wa#ing patient head locking. [7]

Simple recomendation sounds: If the wires are fieedhe head and bound together to the amplifier
more properly, amplitude of the ECG-synchronouss@udrtifact and of the interference due to
scanner aktivity can be decreased. The area ahthetive loop, which is formed by the

electrodes, the head, and the amplifier is decdeaBadding under the electrode wires and the
amplifier can reduce the artifact amplitude in &ddi [8]

2.4.2.1 Intensity of magnetic field and amplitude of BCG

Theoretically, considering the Lorentz' law it daa predicted that the amplitude of the BCG artefact
is directly proportional to the strength of the metic field. [15]Also practically, in[10] the BCG
artifact scaled linearly with the static magneteld strength. Also spatial variability is incredsat
higher field strength as a consequence of increasgghitude of the BCG. Also because of the BCG
is dynamic, it changes topography over time mot@glter field strengti10]
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2.5 Methods

2.5.1 Basic noise removal algorithms

Noncerebral noise sources are eye blinks, eye galidemovements, muscle activity, 50/60 Hz
powerline interference, instrumentation noise, peectrode atachment etc.

Linear, time-invariant, bandpass filtering is sommets used for removing noise, whose spectral
content is outside that of the EP. It is impemtiwy use filters with a linear phase responsedieroio
avoid distorting the interpeak latencies. E.c. bpass filtering of the averaged signal of BAEP
(brain auditory evoked potentials) have the lowsd apper cut-off frequencies of the filter located
approximately at 25 and 2000 Hz. Band-pass filtereharacteristics arises, when the goal is to
construct filter to maximize the signal-to-noisiagSNR). The avering methods are not succesfull,
when the artifacts are related to the time of slimuThe averaging methods requires that eye
movement is first reliably detected in an EOG. Eleal activity of the heart is another noise seurc
which we cannot cancel with ensemble averaging oaksthit is particularly difficult, when the heart
rate coincide with the stimulus rate. Solving iss&lect suitable timing of stimulus, to avoid the
coincidence or using aperiodic presentation ofstiraulus.[2]

All disturbing frequencies outside the frequencynadaws of the EEG (0.5-40 Hz) could be
eliminated by high- or low-pass filters without dage to the EEG, but within this range all
frequencies generated by MRI must be selectivethored! [8]
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Fig 8 Example of power spectral densities of EEG datarrkl inside(in) and outsider(out) the
scanner (source: [13])
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252 QRS detection algorithm

2.5.2.1 QRS detection algorithm in BrainVision

QRS is normally searched in ECG channel or EEG dlawith well-defined pulse artifacts can be
used instead-irstly, template is counted. Normally, from fitEs s of the record. After ,correlation
trigger level” setting, in the intervals, in whig¢he current correlation is bigger than this levsl,
searched for maximum correlations. If the valu éween the minimum and maximum amplitude
triggers, this value is identified as the pulsekp§i3]

) “‘”\k

I v

Fig 9 Qrs detection in BrainVisio[i8]

2.5.2.2 QRS detection algorithm by [19]

First step is complex lead constructing. It is dien several ECG channels. By most simultaneous
EEG/fMRI measurements ECG channel is recorded faosingle bipolar channel and thus another
alternative complex lead is needed. ECG is firshdgpass filtered from 7 to 40 Hz. Moving
averaging of samples in 28 ms interval for elecfrogram noise suppression is performed. The filter
has first zero at about 35 Hz. The complex leadaisulated by applying the k-Teager energy
operator (k-TEO) to the filtered ECG. Then a segtti these values to zero is applied.

X(n) = max(E*(n) —E(n—k)E(n +k),0) (1)

X is the complex lead; is the filtered ECGK is the frequency selection parameter amslthe time
index.k can be set to emphasize the desired frequency

k=22
4fa
fs is the sampling frequency aifigis the desired frequency.

fq is set to the 10th harmonic frequency of the ECSu@lly it is set to 10 Hz). Then, adaptive
threshold method (MFR) is applied to the compledDs.

Method used by [19] introduces absolute values dfirasholdMFR = M + F + R, which is a
combination of three independent adaptive threshdidis integrating threshold for high-frequency
signal, M means steep-slope threshold and thetestR, the beat expectation threshold.

Moving averaging filter averages samples in onéogenf the powerline interference frequency with

first zero at this frequency. Then next moving ageang filtering is applied on the complex leadslt
done in 40 ms intervals. This filter has first zat@bout 25 Hz. It’s function is suppressing thise
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Complex lead is in cases of 12-standard leadshegi# of the three quasi-orthogonal Frank leads.
The complex lead is a spatial vector. It can baioled by

Y(i) = % LxG+ 1) -XG- 1| @)
Xj(i) is the amplitude value of the sample leadj andY (i) is the current complex lead.

2.5.2.3 Adaptive steep-slope threshold — M

On the begining we séf = 0,6 - max (Y) for the first 5 s of the signal. At least 2 QRSngbexes
are present. A buffer with 5 steep-slope threskaldes is preset:

MM = [M;M;M3M,M;5] (4)
whereM,; + Mg are equal to/

If Y; > MFR, thenQRS or beat complex is detected. At the time 20@ftes the current detection is
no next detected. In this gap a new valud/gis calculated via:

newMs; = 0,6 - max(Y;) (5)

The newlb value may increase strongly, if steep slope prereaventricular contraction or artifact
appeared. Then we ss¢wM; = 1,1 Ms if newMs > 1,5M;

Then we exclude the oldest MM buffer component imctlide M = newM<. M is then an average
of MM. In an interval from 200 to 1200 ms M valuecdeases. After 1200 nvsdoesn’tthange.
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- 15} ‘m/
=
1t ]
0aH
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Fig 10 Adaptivesteep-slope threshold (source: [19])

2.5.2.4 Adaptive integrating threshold — F

If electromyogram noise is present together withtGE@is integrating threshold increases combined
threshold. On the beginifgis the mean value of the pseudo-spatial velo¢itgr 350 ms. Sample-
by-sample is F:

_ (max(yin latest 50 ms in the 350 ms interval) —~MaX(Yin earliest 50 ms in the 350 ms interval))
F=F+ = (6)

Not every sample in the 350 ms interval is integptajust the envelope of the pseudospatial velocity
Y. The weight coefficient 1/150 is derived empirigal
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Fig 11 Adaptive integrating threshold (sour¢#9])

2.5.2.5 Adaptive beat expectation threshold — R

This threshold is useful with heartbeats of normalplitude followed by a beat with very small
amplitude slew rate. This can be observed for examp cases of electrode artifac®.protects
against 'QRS misdetection'. A buffer with the 5t IBR intervals is updated at any new QRS

detection.R,, is the mean value of the buffer. R is a zero intime from the detected QRS %cof

the expecte®,,. In the interval fromQRS + ngto QRS + R,,, M decreases 1,4 times faster then
the R. After QRS + R,,interval the decrease Bfis stopped.

2 F T
(k)

Complex lead

0.4
234 235 236 237 238 239

Fig 12 adaptive beat expectatiotiseshold19])

2.5.2.6 Combined adaptive threshold — MFR

The combined adaptive threshold is a sum of thptagasteep-slope threshold, adaptive integrating
threshold and adaptive beat expectation thresholds.

MFR=M +F +R(7)

A QRS peak is detected, when X(n) is higher tharRI¥.
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2.5.2.7 QRS peak correction algorithm

We have a binary vector, 1 indicates a QRS pealdiafieXz, and standard deviatiomyg, are
calculated. P is divided into 20-s sectioB§, where u=1,2,...,U. These sections overlap byFosQ
ones in the section, there is Q - 1 RR intervalsestE RR are calculated, For aRR(r) <
(Xzg — 30gr) is BS(ngr) Set to zero. This means, if the difference betwtaenconsecutive peaks

is less than the median of RR minus 3 times thedsta deviation of all RR intervals, the second
peak is set to zero, that means this peak is rethdvee original P is updated before the next sactio
is processed. The original ECG is then divided eqoal segments according to the corrected peaks
in P and the segments are averaged to form an avera@ele@t waveform. The peaks are then
adjusted to maximize the correlation between he&asteforms and the reference waveform. As we
saw, P is then again divided into 20-s sections.a®y RR () > (1,5Xzzy) iS P (nrr—1) + XRRu)

set to 1. When the difference between two consezyteaks is more than 1,5 times the median RR
for that section, a peak is added at tifg after the first peak. False negative are correctée.
original P is again updated, before the next secfi®][5]

2.5.2.8 Quality of QRS detection

For each ECG recording, the total number of QRSptexes/heart beats was counted manually. This
total number isTp. Fy means any QRS complex not detected by this algough Fyrepresents
number of false positive, that means QRS comple@beiscted, but in real measurement is absent. If a
QRS complex was detected but its position had a-8hift error, the algorithm indicated the location
of the QRS a little early or late, this was conggdieboth as false negative and a false positive.

sensitivity: Sp = —2—(8)

Tp+Fy

2.5.3 Image artifact removal

2.5.3.1 FASTR

fMRI artifact slice template removal is based omstoucting a unique template for each artifact
segment, in each channel during a single fMRI sli¢e algorithm has four parts.
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.2.5.3.1.1 First part

During the acquisition, the triggers from MRI mauhiare sent at the start of each slice acquisition.
MRI and EEG are driven by separate clocks, someegegf misalignment - “jitter”, may occur. The
jitter is worse as the EEG sampling rate is reduddelG channel data is sinc interpolated (up-
sampled) to bring the sampling rate to about 20 &kt then divided into segments according to the
slice-timing triggers. Artifact segment means thimdew covering the duration of a single slice
artifact occurrence. The first artifact segmentaisen as a reference. Trigger location is adajted
maximize the correlation with the reference.

.2.5.3.1.2 Second part

It is usefulfor any channel, to high-pass filter (1 Hz) theintelmoves any slow drifts in the EEG.
Different artifact segments used in the averagéaattestimation have the same baseline. High-pass
filtered versionY” is then segmented intd (N = volumes x slice} equal sized segments according
to the adjusted/aligned slice-timing triggers. Eatlthese segments is a 1 x q vector, where geis th
number of time points spanning each artifact irderv

The local moving average artifact template for es@fpment is then:

1
A; = mxla(j) Y7 (9)
j=1,2,...,N are indexes the slice artifact segmedsjs 1 x qvector of the local moving average
artifact template for segmepandl is an index of the different artifact segmentbdécaveraged.

I(j) is an index function, which determines which segi®ere included in the average. The slice
segments irl(j) are centered around segment j and are chosehaathere is sufficient time gap
between them to ensure that there is no EEG autdation between segments included in the
template computation. This approach removes arg/ttiat correlates with the fMRI slice acquisition
indiscriminately. The user set only how many eletsda include inl(j), the length of the moving
average window and how much gap to leave betweers¢lected segments. Shorter window will
increase the adaptivity of the algorithm, and df@more noisy the artifact template, more real EEG
data is removed. The gap should fit the closenkbsssegments in time. Finally, the computed
template,A;, is scaled by a constaatto minimize the least squares between the templatethe
data. Then we subtract the scaled artifact fidmo generate a sign#l . It is then cleaned EEG data
with residual artifacts. This stage is useful tmoge the bulk of the artifact variance and is aidapt
to sudden changes in the artifact shape. This stage not capture the exact artifact shape.

.2.5.3.1.3 Third part

FromY" is extracted a set of basis functions for thedwesls. S, is a residual matrix. p is the
number of artifact segments. PCA is then perforore8. PC as principal component is projection of
S onto the principal component coefficients. Thetfitsof the PCs represents an optimal basis set
(OBS), B;x¢. The number of C components is derived on the amofivariance explained by the
PCs. C is chosen conservatively, since includingegassary components may result in the loss of
data.

pjis a C x 1 vector of weights to ft to [/"ande; is an error term for the segment.
The weights are estimated by least squares andladdee artifact noise found the local slice axif

template subtraction to create the final estimatidnthe gradient artifactsZ, and an artifact-
subtracted EEG da#. Final estimated noise is subtracted from theimaignterpolated EEG data,
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not the high-pass filtered version. BahandY™ are low-pass filtered at 70 Hz, then down-sampled
back to the original sampling frequency, thighandY<9, respectively. Residuals matr&needs to
have as many entries as possible for the PCA tuygean accurate OBS. The second and third stage
should be adaptive and accurate. This stage isilsefremoving the details of the residuals.

.2.5.3.1.4 Fourth part

Adaptive noise cancellation.

Signal contaminated with the noise constitutesinipeit to the filter,Y. The source of the noise is
assumed to be known. The noise in the signal ieladed with the reference noise. The weights of
the filters are hold and updated at each time pwittt least mean-square (LMS) algorithm. The
accuracy of estimation is limited by the qualitytbé reference noise and choiseudfstep size) and

L (length of the weight vector). Final artifact estition, Z¢, is the reference for ANC. The subtracted
noiseZ provides more accurate reference for this purposewas found to have less effect on real
data. The input to the ANC filter is a high-pastefied versior¥®. Cut-off frequency is set to be half

of the fundamental gradient artifact frequengy= s;i;f. The output is then subtracted from the

original Y¢ to produce the final clean data. It fails to adayickly enough to adequately remove all
residuals. ANC occasionally diverges, when appieedhannels with high amplitude residuals. Basis
functions in the OBS do not perfectly describaedidual variations. [5]
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2.5.3.2 Image artifact reduction used in Brain vision anatgr

First stage of imaging (gradient) artifact removiadpased on calculating an average imaging attifac
waveform a subtraction from the EEG each epochoi@kpart introduces adaptive noise canceling.
Volume repeat time, TR is defined as an epoch. EE6Grding is divided into sections of 25 epochs.
There is an assumption, that EEG is uncorrelatéaldmn epochs. 25 epochs is sufficient to obtain an
accurate average. For continuous fMRI acquisitiongpoch is defined as one slice. One slice takes
less than 100 ms, correlation between epochsasivellikely. EEG is uncorrelated over 0,3 s. EEG
is then divided into sections of 25 x 0,3 = 7,9se averaging time includes also a period, when no
gradient changes are applied, because artifacesept also. This is caused due to subject movement
in the static fields. The first five epochs in eadttion were always included — subsequent epochs
were included only if the cross correlation funotimetween the epoch and current average exceeded
0,975. Although not optimal is this scheme was mmatationally efficient method for reducing
averaged artifact corruption by atypical epoch aignfor example, those in which a subject
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movement occurred. EEG is interpolated by sinc tion¢ to be synchronous with the slice-timing
signal. Similar interpolation is performed in theverse direction to synchronize the averaged
waveform to the EEG samples. After subtracting, @mog is performed to reduce the danger of
aliasing in the next process. Additional low-pasiering was then performed (55 coefficient, finite
impulse response, cut-off 50 Hz). Adaptive noisecedling can reduce signal components correlated
with a reference signal and was considered apm@igpfor removing this residual artifact. By ANC
the EEG signal with averaged artifact subtracted wsed as the primary input. Reference signal has
1 on the positions, where slice-timing signals oced, other values are set to zero. Adaptive fiter
length is 20 and it is adapted for every input semysing the Widrow-Hoff least mean squares
algorithm to minimize the error between the filkertput and the primary signal. Step siggié set to
0,05. The filter is applied only to the EEG coiremd with imaging,as residual artifact is preseryon
during these periods. To reduce the discontinuéiwben these periods, the reference signal was
tapered (raised cosine function) over the first &@sti 0,5 of each period. The EEG output was taken
as the difference between the primary signal aedatthaptive filter output, that is, the EEG signal
minus components correlated with the referenceasign

Smooth &
Interpolation Averaging Interpolation Downsample Low-pass filter
Digitised Sinc function Al Sinc Function + EEG
: AN Fc=80H -
EEG A/\A/\r~ ] ZJ\A'_ ] r\/\A/\v\ - 280515 * | Fessonz
Slice-timing ?}ic_e
ignal _ iming
signa oo | Fesomz

Adaptive Noise Cancellation

l Reference signal
/ AF
Corrected EEG - i i
+ Primary signal
N

Fig 15 Brainvision method for gradient artifact removab]1

2.5.4 Ballistocardiographic artifact removal

2.5.4.1 ,Allen method"- artifact template subtraction mettb

One classical approach is subtraction algorithneliged by [9] Firstly, ECG peaks in the previous
10 s are identified. The average waveform is tiowké¢d to the ECG peaks in this period. This
waveform is calculated for each referential EEGhaigThe algorithm delays the display of EEG by
at least 1 s. There is a compromise in duratiobOs$ period, it must be long enough to separate the
artifact from the underlying EEG, but short enowgladapt to changes in the artifact waveform. The
time delay (0,21 s) exist between QRS complex atifhet peak. Before including sections of EEG
in the average, each section is tested for arsifattich could corrupt the average artifact waveform
EEG sections with a mean magnitude more bigger #vanage could contain artifacts such as eye
blinks or musle activity. This averaging could stjaon-artifact activity from the waveform to be
subtracted.
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Fig 16 Allen method[9].

2.5.4.2  Kim method*

Algorithm based on [20] uses 10 seconds segmentiseoinput signal. Each heartbeat is detected
from the derived BCG signal obtained by subtractimgleft EOG from the right EOG, using a slight
modification of Teager energy operator (TEO). Theartbeat detector is defined as

Pix()} = x*(n) — x(n + k)x(n — k)(11)
kis setto k=1

The mean waveform is obtained by averaging the satpd waveforms centered at the detected
heartbeat time points. Only when the assumptioraisl, that pulse wave form varies only slightly
within the time interval, this averaging by [9]9accesfull. Therefore significant parts of thefadis

still remained in the output waveform. Wavelet sfammation is used for the elimination of the
residual artifact. Its coefficients are selectivetynoved (eliminated)rhis elimination is applied at
specific scales and specific time points. Inputhalgis decomposed into eight dyadic scales by
discrete wavelet. On the scales d1 and d2 aredb#iaent thresholded to reduce high frequency
random noise. It must be paid attention, whether itiput wave form doesn’t contain important
frequency components. In cases, when importantuéniecy components of the signal may be
excluded, adaptive filter must be turned on. lalso used, when the artifact subtraction is not wel
done. To decide, whether or not to turn the adegtiter on, ratio between the power spectrum @ th
0,5 — 7 Hz subband and the total power. If thigrat larger than 0,6, the adaptive filter is swéd

on. Also when correlation between the k-TEO outmitthe processed wave form and the original
input wave form is larger than 0,5. The RLS adapfilter is used. In this case the length of timetei
impulse response adaptive filter tap was 80.
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Fig 17 a) Block diagram of the proposed ballistocardiatifeant removal system. (b) Heartbeat

detector usingg-TEO [20]

2.5.4.3 “Bonmassar method”

Specific way of the ballistographic artifact rembisachozen in [14]. A set of control VEP data are
recorded at earth magnetic field strength. Addd@lomotion sensor is applied, it is piezoelectric
transducer on the subject’s temporal artery. Ovadignt echo sequence suitable for interleaved
fMRI and EEG acquisition is introduced. All EEG oedings were short-chained bipolar from the
modified cap. Analog bandpass filtering was perfdnfrom 0,5 to 35 Hz prior to sampling. Epoch
selection was performed by comparing the maximuitage excursion of each epoch for each active
channel to thet50 uV threshold level, rejecting epochs that exceedésl ttireshold. Before this
method is applied on the real data, simulated siighapileptic spikes with approximately
+200 uV peak amplitude and 100 ms duration were randondgado the EEG recording, to control
the capability of artifact correction. Input signdlt) is sumy(t) = s(t) + n(t), of underlying EEG
signal s(t) and n(t), which contains motion and ballistocardiogram comgmts. Relationship
between the motion signal sensoft) and the noise signal is

n(t) = k=g we (k) (t — k) (12)
w, (k) is finite impulse response kernel (FIR) with ortierThen adaptive filtering is applied.
A(t) = XkZo W (kym(t — k) (13)
3(0) = y(@) —7t) (14)
If the true underlying signal(t)is uncorrelated with the motion signal(t). The input signal may be

downsampled, to reduce the order of the FIR fitad therefore to improve the computationally
efficiency.

31



2.5.4.4 “Sun method”

Another idea introduced Sun L. in [21] His ided&sed on MNF.

First model: Observed data matuk= [x,, x5, ..., x,] is linear mixture of the source matrix=
[51,52, ..., s,] to fulfill equation X = SA. Each component! = {x;;|j = 1,..,k} represents one
measured EEG channel and eafh= {sij |j =1, k} is one underlying source component channel
at k sampling times.

Second model: Signal data matkixcan be split into a signal pd&tand an independent noise p@rt
like X =P + Q. These are orthogon@l”P = PTQ = 0. As we count with typical BCG artifact,
artifact is there treated as the “signal” and ongdtEG as the “noise”. Success of MNF method does
not depend on relation of BCG and EEG artifactse basic concept underlying MNF approach is to
derive components(eigenvectong) under the constraint of maximizing the signal wse ratio
(SNR) according to

TpT TyT
[Pyl _ YTPTPY VXX g (15)

SNR = max — = max ——— = max —_—
=0 oyl P#O0 YT QT gy P#O YT QT Qy

Source matrix is
S=XA"1(16)

Sourcess] are ordered according to their SNR. Artifact iwas captured by the sources exhibiting
the largest SNR according to the minimum noisetifva¢c so long as the BCG is the dominant
artifact.

X =STA=XA"'TA (17)

T is the selection matrix, and it is diagonA(i( i) = 0 for the sources to be excluded &d, i) = 1

for another sources). MNF components are orderethdiy signal to noise ratio (indicated by their
eigenvalue), the last or the first are set to before application ok = SA.

Main idea of selecting the MNF-components for adifremoval is the problem of defining the
number of components to reject. It must be sestli@ble number to remove the whole artifact, but
not to suppress the ongoing signal. 29 values nanee were measured in- and outside the scanner
and then normalized resulting in relative varian®SG EEG signal has significantly larger variance
than BCG-free EEG signal. Therefore, when the ciegffit number of components have been
removed, the variance of the EEGs observed indige stanner should approach the variance
observed outside the scanner.

After first application of MNF procedure some resdl artifacts remain. A subsequent subtraction
method can serve to remove this residual BCG attifarovided that the BCG template is
reproducible. For this purpose, additional measerdgrof ECG was applied. It has two parts:

In the first part, the ECG onset must be identified

In the second part, place of artifact templateaBngd as interval of mean RR duration around the
ECG onsets. For each artifact, an artifact temptat®unted by averaging over the 50 BCG epochs (
25 preceding and 25 following ). This average obm&R duration was subtracted from the actual
BCG epoch to remove the artifact.
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Fig 18,Sun method" [21]

2.5.4.5 *“Ellingson method”

EEG is set to zero amplitude, during periods whexdignt-switching is performed. A specific wide
window of EEG data is located 200 ms after the &pe ECG. This windowed EEG waveform was
then zero-meaned. Template is derived from a ecertamber of consecutive artifact contaminated
EEG epochs and from the median BA amplitude oniat{ixy-point basis. The median-filtered BA
template and the section of EEG from which thefatiis to be subtracted are then both zero-
meaned. Before subtraction the amplitude of theptat®a is scaled to each section of BA-
contaminated EEG data using least-square minimizafihis scaled template is finally subtracted
from the current section of EEG data. [22]

2.5.4.6 “Benar method 2"

Another method was introduced in [23]. The PCAnisdduced by singular value decomposition on
raw data:

X =USVT (18)
X represents the data matrix (n time poirtsn channels), U (x m) the matrix of normalized time
courses of the PCA components (one per columnin 8 () the diagonal matrix of eigenvalues or
amplitudes of the components, and V xnm) the matrix of spatial distributions of each gmments
(one per column).

The ICA results in the following decomposition:

XT=w~tu (19)
u (M x n) means the matrix of component time courses famgow).W -1 (m x m) the matrix of
spatial distributions of the component (one perrW is usually referred to as the
‘unmixing’ matrix).
Then suitable filters for ICA and PCA is introducddhese excludes the components corresponding
to ballistocardiogram in the spatial matrices.
For PCA filter:

A=VIVT (20)
And for ICA filter also:

A=wWTI,(Wwh~1 (21)
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I, represents the diagonal matrix with elementscseéto when the component was retained and zero
when the component was excluded.

Y =YA (22)
Y represents the matrix of original data afidiltered data.

2.5.4.7 “Negishi method”

In an alpha wave detection experiment, we usedetimporal PCA-based noise removal algorithm to
remove cardiac artifacts. Cardiac trigger pulsde(1R peak) has been computed. First PCA filter
must be applied. Principal components capture commpowaveforms whose amplitude variations
accounts for the largest variations of BCG wavefarirhe basic idea behind using PCA is that if the
gradient artifact waveform consists of multiple gmnents whose amplitudes do not co-vary with
each other, they would be captured in different.FX€sivations of PCs are computed, along with the
moving average and the associated standard devieti®C activation. The mean and the standard
deviation is computed from the EEG data, insideseg but no scanning. PC activations, which are
associated with gradient artifacts are estimatéadgute PC activations and statistics. An estimated
BCG artifact at each frame is then computed asra®&uPCs weighted by estimated PC activations
for each frame, and is subtracted from the origirsahe. Then 80 Hz low-pass filtering is performed.
For further details [24]

2.5.4.8 Basic ICA

Time varying observed signal is denotedcés) = (x;(t), ..., x,(£))T. The source signal consists of
independent components b{t) = (s;(t), ..., s,(t))T. Linear ICA supposes, that the signdt) is
linear mixture of independent components:
x(t) = As(t) (23)

The algorithm, which must be found to separate ammid components, leads to

s(t) = Wx(t) (24)
In which W is denoted as an unmixing matrix.
Inverse ICA can be performed as:

x(t) = Wls(t) (25)
[25]
Independent component analysis creates same nuwhlxedependent component as channels. All
independent components should be as independepbsasble. Before ICA application, gradient
artifact should be well removed, otherwise gradestifact may be present in more components and
be dominant at all. ICA is well described in [26]the spatial topography remains unchanged over
the cardiac cycle, ICA can be well applied. Sevstatlies referred over the the application of ICA
for BCG removal[23][27][28][13][29]. Some negative experiences dascribed in [30][10]. Some
authors state, that ICA alone could not separateptetely. BCG normally contains only lower
frequency components, another was to perform ICArss to low-pass filter EEG and then apply
ICA.[13]
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Fig 19 Independent component, which shows significant eotion to heart rat5]

2.5.4.9 ICA connected with “Allen method”

Relatively new approach to BCG artifact removal wagformed. ICA was performed as before, but
now we apply “Allen method on IC components, whatiow significant connection to heart beat
rate. Delay can be set to 0,21 as before, or agided before in 3.2.3.2.1. Artifact template can b

counted as before, from 10, 20 or 30 previous atidviing waveforms, as described above.

2.5.4.10 Comparison

In [13] four ICA algorithms of BCG artifact were performd@A-based methods show the same
efficiency as the ,Allen method”. Signals differs values of the power spectrum density in 4-8 Hz
frequency band. But the diference is not statiByicsignificant. These ICA methods has some
advantages, e.g. it doesn’t depem on cardiac puiggan(short or irregular) and it removes BCGs
regardless of the fluctuation of BCG waveforms.

2.5.1 Evoked potential processing

Stimulus causes a brain response time-synchrortizdtie stimulus. The stimulus are elicited at
equidistant points in time. The observed EEG sigizad be transformed into an ensemble of M
different potentials, with each potentialn) described by N samples

x;(n),i=1,..,M;n=0,..,N —1(26)
The ensemble is representedMdyx M matrix X

X = [x1 x5 ... x40 1(27)
where the'" potential is contained in the column vector
x;(0)

x=| %D |2

x;(N—1)
The assumption of perfect time synchronization eetwstimulus and response is not always valid.
Variations in latency can be attributed, to varidegrees, to the inherent phenomenon of biological
variability. It may, therefore, be necessary toadtice techniques that can estimate and compensate
for such variations prior to ensemble averaging.fedher details, see [2]

2.5.2 P300
P 300 is a wave, which is elicited by infrequend dask-relevant stimuli. It is considered to a
person’s reaction to the stimulus, to the stimekeduation or categorization, respectively. Tygdigal
it occurs, when oddball paradigm is applied. Bg taradigm, low-probability target items are inter-
mixed with high-probability standard items. In EEGoccurs as a positive deflection in voltage with
a latency 300 to 600 ms. In [31] mean parametaseant in channels Pz and Cz are:

peak AmplitudeV) - Cz| Latency(ng - Cz | AmplitudewV) - Pz| Latency(ns - Pz
P3 13,7 308 14,2 302

P2 6 173 5,5 172

N2 -1,3 219 -1,8 218

N1 -7,9 96 -8,5 98

Fig 20Characteristics of P300
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Fig 22 Average responses from an oddball parac [4]
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3 Practical part

3.1 Data

Data were collected at KYS (Kuopio university haaPi The subjects were scanned with 1,5T
scanner (Siemens MAGNETOM Avanto, Erlangen, Germavith a T2*-weighted EPI sequence (
TR = 2500ms + 100 ms , TE = 50 ms , FOV = 192 mmatrim = 64x64 , 29 slices, slice
thickness=3mm, inter-slice gap=1mm). The experimeaisk was a typical go-nogo task with visual
stimuli. The subjects were informed to press a doutt  for
green squares and ignore the red squares. Simoiltane EEG measurement
was performed with Brain Products BrainAmp MR+ andap providing 31
channels of EEG, EOG and ECG electrodes. In th@sh& measurements were used. For 3 subjects
also measurements of EEG outside the scanner wei@med. Sampling frequency was set to 5000
Hz, due to presence of imaging artifact and furipessibility of it’s removal. Normally, this high
frequency rate is not needed.

3.2 Methods

3.21 EPs outside the scanner
For 3 subjects, n.4, n.5 and n.6 EEG measuremetgile the scanner exist. In each subject and each
channel another shape, amplitude and latency dd B86urs, this is strongly subject dependent. For
later EPs estimation from the artifact destroygmai, image of EPs from measurement outsider the
scanner is useful. Basic ensemble averaging wésrpexd and then pass-band filtered (Butterworth,
0.5-40 Hz) for noise and trends removal.

3.2.2 EPs inside the scanner
For all 6 subjects, n.4, n.5, n.6, n.9, n.10, nERs estimation was performed, with help of basic
ensemble averaging and pass-band filtering (Butieghy0.5-40 Hz) for noise and trends removal.

3.2.3 Imaging artifact removal
At the beginning, imaging artifact has to be rentbvBrainVision was used. It offers a special
application for this purpose. BrainVision use atifact template subtraction method. For each
epoch, which si defined as TR (repetition time)ifact template was computed. It can be set, # thi
artifact template is computed from all epochs st from the previous few epochs (moving average).
Second possibility seemed to be better choicelferartifact removal, the quality of the signal afte
the artifact removal was significantly better. Threason for this is movement of patients head.df th
subject moves his head even slightly, the resultiffc artifacts are modified, in some cases
considerably. This substantially reduces the qualita template calculated across all intervalse Th
number of intervals to be used for calculatingdbgection template can be set here. An odd number
was recommended. 21 was set here.

3.24 QRS complex detection
QRS detection was performed with help of BrainMisid\lso Matlab script, which use method
introduced by [19vas performed. Sensitivity of these QRS algorithemencounted.

TP number of True Positives p )

Sensitivity is denoted aSE = (29

TP+FN  number of True Positives+number of False Negatives

Let explain what exactly means this components.
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True positive means well detected R peak. Falsativegmeans undetected peak in case, where
exists peak in real.

3.25 Ballistographic artifact removal

3.2.5.1 BrainVision
Brainvision was used to remove the ballistograpinitact. Time delay can be set, or can be counted
from the channels. If computation of the time delegs not possible, time delay was set to 0,21

s normally.

3.2.5.2 ,Allen method*
Method uses artifact template, which was computenhfthe 10 previous waveforms and then this
template is subtracted from the EEG signal. Thishioe is useful only then, when all trends are
removed. Before Allen method application, basiedinfilter was applied (Butterworth,bandpass 0,1-
40 Hz). Range of this filter is set due to ERPsjcihare present mainly in this frequency range.
Filter can also remove the rest of imaging artifacise connected to power-supply (50 Hz), etc.

.3.2.5.2.1 Delay
The delay between time of R wave in ECG and presehthe artifact in EEG signal was not easy to
set. In general, 0,21 sis recommended. Artifactef@ms and mean of artifact waveforms were
plotter to show character of this artifact. Accoglito [17], BCG artifact mainly consist of two
polarity reversals. Interval, in which ,Allen metiibis performed, was set from the beginning to the

end of present BCG. Mean artifact is plotted in é&xim fig 41-52.

artifact waveform in T7, subject n.4

_ = — —
— = = = - 80
100 — — - . = — 60
e = —
- = — = ——
W= = — - 40
o —_— — = —
= — e
5 — = — 120
? W= S = .
g —— — =— 10
- = = — =
o A= — = 1
2 = = = 120
g —— —— =
c — — R = 3
500 = = = = = = -40
600 e = = | .60
= é;;_ — -80
= = B
— L e —_ Il - Il Il . | — ]
50 100 150 200 250 300 350 400

samples(f=500 Hz)

Fig 23 artifact waveforms in T7, subject n.4
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Fig 24 mean artifact waveform in T7, subject n.4
subject begin(ms) middle(ms) end(ms)
4 100 325 550
5 30 265 500
6 40 295 550
9 50 275 500
10 90 295 500
11 80 280 480

Figure 25Delay settings during artifact template subtractiethod

3.2.5.3

.3.2.5.3.1.1 ICA - Brainvision

In Brainvision, ICA transforms EEG channels in agan to EEG channels in time domain. ICA
transformation creates transformation matrix. F&# algorithm or infomax algorithm is used for

determining the weight matrix. Infomax algorithm iterative gradient method used to estimate
maximum likelihood. In addition, fast ICA algorithms an iterative fixed-point method used to
minimize negentropy. ,Fast* is slightly differemom that used in the Fast Fourier transform(FFT).
Fast ICA has stricter requirements in terms of ssphty of components. If these requirements are
fullfilled, ICA is calculated more quickly than ceentional methods. Otherwise is calculation slower

ICA
ICA was performed by BrainVision and with help dEGLAB.

than with other methods in general.

Two types of sphering can be used: classic andapibitic. In classic case, conventional sphering
by means of PCA is used, this method treats all pmorants equally. In probabilistic method,

probabilistic sphering by means of PCA is perform&Hdis sphering, while used with any ICA

method is referred to in the literature as prolstil ICA. The noise is normally filtered out of BE

data, using the probabilistic method.
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Two approaches can be performed by ICA: Restriatetl extended. Special case is Biased infomax
method. At each ICA calculation step an additioma&thod is used. It improves the quality of the
ICA separation by highlighting particular charaggges of individual components.

ICA computation is performed until the modificatiohmatrice sis smaller than Convergence bound,
that means, that ICA is processed until resultuifigently accurate. But, in contrast, number of
training steps should not exceed value: Numbetegdss For fast ICA, number of step sis set to 150
normally, for infomax method is the default value5

When the probabilistic ICA should be performed, Nwm of components or Components with
eigenvalue at least can be set. If one of thesebetsnis too low, loss of infomation may occur.
That’s because only few components in the prolséibilPCA interprest a large portion of the data as
noise. It may be eliminated.

Two sort criteria can be set: Kurtosis or Energythin descending order. Kurtosis means a numerice
estimate of the peakedness of a cuk/es 0 is denoted as a normal pe&k> 0 means steep peaks,

it can be denoted as super-Gaussian or leptokaiga K < 0 shows flat peak. Restricted infomax
method, can separate components only with positiviosis € > 0).

In general, ICA transform consist of these stepsaivivalues of the channels are subtracted from the
data set. Then computation of sphering matrix réop@ed and it is applied to the data set. Data are
then trained until the ICA matrix is not sufficigmtecise. Independent components are determined by
applied ICA matrix. Components are sorted accorthrgppropriate sort criterion.[19]

By visual inspection, few channels, which showephiant connection to the heart rate, were set to
zero and inverse ICA was performed.

3.25.3.2 ICA-EEGLAB
EEGLAB computes sphere and weigth matrix, whicld lEacomputing of unmixing matrix:

unmixing matrix = weights - sphere(30)
Independent components are computed then as:
IC = unmixing matrix - data(31)

.3.2.5.3.1 Combined ICA — Allen method

Second possibility was to perform ,Allen methodt these independent components, to save more
information from EEG channel. First choice was &fprm Allen method only on channels, which
was set as a significantly connected to BCG. Byenpyoper visual inspection was found, that more
channels contain BCG and therefore Allen methodapgied to all channels.
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Fig 26 IC30, whic contain BCG, R peaks(red), (subject n.4)
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Fig 27 mean of artifact waveform by IC30, (subject n.4)
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3.2.6 EP estimation
Data containedanarkers, which shows time of stimuli. With helpeafsemble averaging, basic EPs
were computed. Normally, polarity of voltage is simoinversely. Time interval 0,1 s before and 0,8
s after stimuli was shown. In this data set, P3B0ukl be present. It is the dominant and has
connection to visual stimulation.

4 Results

4.1 EPs outside the scanner

Due to filtering, EPs waveforms have smaller amplt than real. Small waveforms with amplitude
of 5-10 uVs occurs. EPs are plotted in annex, fig Ir6subject n.4, in channels Cz, C3, C4, CP1,
CP2, CP5, CP6, FC1, FC2 is the P300 present. Aralbgin subject n. 5, in channels C4, CP2,
CP6, F3, F4, F7, F8, Fpl, Fp2, Fz, O1, 02, P4TB8TP10 and in subject n.6, in channels F3, F4,
F7, F8, FC2, FC5, FC6, Fpl, Fp2, Fz, T7, T8, TPA® @P9 small positive deflection as P 300
occCurs.

4.2 EPs inside the scanner

In any channel, no signifiant P300 peak was fouddke to filtering, EPs waveforms have smaller
amplitude than real. In real, big gradient artifaedks occur. Amplitude ranges from 20 — 200.
EPs are plotted in annex, fig 7-18.

4.3 Imaging artifact removal

EPs are plotter in annex in fig 19-30 subject n.4 in C3,C4,CP1, CP2, CP6, FC1, FCXA,P3, P4,
P7, P8, T7, T8, TP10, TP9 positive deflection weesent. Also in subject n. 5, in channels F7, F8,
FC1, Fpl, Fp2, P7, P8, T7, T8, TP10, TP9 is P3@8qmt. In subject n. 6, P300 occurs in channels
F4, F8, FC6, Fpl, Fp2, Fz, O1, 02, P4, P7, P8,T@zT8, TP10, TP9. In subject n. 9, little delayed
P300is in F7, F8, FC1, FC5, Fz, T7, T8, TP10.ubject n. 10, in channels Cz, C3, CP1, CP2, CP5,
F7, FC1, FC5, 01, P4, P7, Oz, Pz, T7, TP9 is P3ble. In subject n. 11, in channels Cz, C3, C4,
CP2, CP5, CP6, F3(little delayed), F4, F7, F8, H&12, FC5, FC6, Fpl, O2, P3, P4, P7, P8, T7, T8,
TP10, TP9 P300 can be seen.

4.4 QRS detection

4.4.1 BrainVision
SensitivitySE was computed for a QRS detection with help of Bvasion.
= —-—— 0)
SEs 845 1 4 99,5 %
= —-—— 1)
SE, 908 13 99,7 %
SEq = 652 _ 99,2 %
T 652+5 77
4.4.2 »Christov method"

SensitivitySE was computed for a QRS detection using ,Christethod
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=— 0
SEa = oog s~ 081 %
SE: = 845 = 98%

5T 845+17 7
sg. =208 = 98,3 %
€~ 908+16 7
SEq = 652 = 97,3 Y%
9T 652+18 07
sg, =20 = 90,7%
10_6oi+62_ 70

o — 0
SEin = 359473 = 849%

4.5 Ballistocardiographic artifact removal

45.1 BrainVision
Results are plotted in fig 31-40. After BCG artifaemoval with help of BrainVision, in subject n. 5
in channels F7, FC1, Fpl, Fp2, Fz, O1, O2, P7(28,Pz, T7, T8, TP10, TP9 is P300 present. In
subject n. 6, in channels C4, CP2, CP5, CP6, F3FF4F8, FC1, FC2, FC5, FC6, Fpl, Fp2, Fz, T7,
T8, TP10, TP9 is P300 seen. In subject n. 9, anohbls little delayed in C3, C4, CP6, F3, F4, F7,
F8, FC1, FC2, FC6, Fpl, Fp2, Fz, T7, T8, TP10, ¢&9be seen.

4.5.2 »Allen method*
Artifact template subtraction method was usedBQG artifact removal. It was performed on all
subjects. Results are shown in Annex in figure$%3This method significantly decrease amplitude
of BCG, but it doesn’t remove it on its own. Artifavaveform shape remains the same. Second
disadvantage is due to finiteness of the subtnadtiterval, it doesn’t remove all artifacts, white
connected to heart rate, just that, which was ashas BCG.
To increase the efficiency of BCG artifact remowdth help of artifact template subtraction method,
this algorithm can be performed more times. Thisragch has few disadvantages, there is no clear
condition, when is the whole BCG artifact removed avhen some parts remain. In some channels,
discontinuity at the beginning and at the end @& #fubtraction interval occurs. Signal must be
filtered, to remove trends, otherwise artifact téatg subtraction method has no sense, because the
whole signal must be at the same level and mearhole signal should be close to zero.

4.5.3 ICA (BrainVision)
Main problem with use of BrainVision elicited afteomputation of IC. IC looks discrete, which
shows, that unmixing matrix was badly computed. theo possible reason is bad settings before ICA
computation in BrainVision. Also characteristicstloé signal can lead to this type of results.
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Fig 281C, which has significant connection to heart ratesubject n.4

Results are seen in fig 65-74. Subject n.4 in &;,&4, CP1, CP2, CP5, CP6, FC1, FC2, FC6, Fp2,
Fz(little delayed), O1, O2, P3, P4, P7, P8, Oz, THz,T8, TP10, TP9 P 300 is present. In subject n.5
approximately 20 components contain BCG part, foeee performed inverse ICA will destroy
information vigorously. In subject n.6, channels, C®5, F3, F4, F7, F8, FC1, FC2, FC5,FC6, Fpl,
Fp2, Fz, O1, P7, T7, TP9 contain P300. In subjextmchannels C3, CP5, F3, F7, FC1, FC5, Fp1,
Fp2, P7, T7, TP10, TP9, P300 ocurrs. Subject nddxsitive-P3, P4, P7, T7, TP9. In subject n.11,
CP5, F7, F8, FC1(delayed), O1, 02, P7, Oz, T7 eesent.

45.4 ICA (EEGLAB)
ICA transform computes appropriate regular unmiximagrix only in subjects n.4 and n.6. Otherwise
complex, close to regular or badly scaled matris w@amputed. 3 IC in subject n. 4, 7 IC in subject n
6 were set to zero. Inverse ICA was applied arahibls are displayed in Appendix in fig 79-82 .In
subject n.4 in C3, C4, CP1, CP2, CP5, CP6, F4, FC2, FC5, FC6(small), Fp2(small), P3, P4, P7,
P8, T7, T8, TP10, TP9, 300 are present. In sulnjeét channels C3(200 ms), C4, CP2, CP5, CP6,
F3, F4, F7, F8, FC2, FC6, Fpl, Fp2, Fz, P4, P8P@2zT8, TP10 contain P300.

4.5.5 ICA connected with ,Allen method*
Combined method was performed only by subjectandin.6, for the same reason as by normal ICA
method on its own. Allen method was performed dértznnels. Intervals, where artifact subtraction
template was performed was the same as for the Bilen method. It was set according to artifact
templates shown in Appendix in figure .
Combined method shows good efficiency only in sctbje4. Combined method shows the same
disadvantages as seen before in simple artifagblegensubtraction method. In subject n.6, only in a
few channels performed combined method decreasexl t& BCG artifact, in other channels,
decreasing of amplitude of BCG was succesfull, dug to filtering of IC and inverse ICA, these
channels are shifted by 10-GU0s up or down. Results are shown in annex in fig 95-7
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4.5.6 Comparison of all artifact removal techniques

In fig in annex it was shown comparison of EPsrafik removal techniques. It was shown, that
artifact template subtraction method and combir@4-artifact template subtraction method don’t
destroy the character of EP. Small decrease iniardplof EPs after BCG artifact removal was seen
due to subtraction.

ICA performed with help of both EEGLAB and Brainiga, when some IC are removed show
destroyment of mean peaks. In several channetsitathod didn’t destroy mean peak, P300.
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5 Conclusion

Master’s thesis deals with problem of ballistocagdaphic artifact in EEG signal by simultaneously
performed hybrid fMRI-EEG examination. Main goalsastudying of BCG artifact removal methods
and proposal of algorithms, which leads to succdisetmoval of this artifact. Another goal was
studying of effects of BCG removal on present EPs.

Assumptions of good BCG artifact removal are suttlesnaging artifact removal and QRS peak
detection.

Unsufficiently removed imaging artifact negativalyfluences pass-band filtering. Amplitude of
filtered signal is shifted in some parts of signiahaging artifact remains manifested in artifact
template and then, parts of signal not correspandan BCG. Another bad influence is while
performing ICA on EEG signal. Imaging artifact mfasts as a main part if independent components.
Decided whether or not to remove(set to zero) aircmndependent component is more difficult.
Also more independent components have to be remiwedo presence of imaging artifact removal.

Succesfull QRS peak detection is most importantrapsion of BCG artifact removal. Detection of
not present peaks or detection, which is shiftacsesbad computation of artifact template and also
leads to bad removal of ICA.

Both methods of QRS peak detection shows high éhsi

Clean EEG, without artifacts, looks randomly, hasamclose to zero. Well done BCG removal looks
like that, but preserves frequency contain and tdafféct EPs.

First method used to remove BCG artifact was attitemplate subtraction method. It leads to
decrease in artifact amplitude, but shape and ctaraf BCG remains. In contrast, this method don’t
destroy EP.

ICA performed with help of BrainVision was the leasiccesfull method for BCG removal. It leads
to decrease in BCG artifact, EEG signal then laokse randomly, but ICA strongly affects EPs.

ICA performed with help of EEGLAB was more succdsfil decreased the BCG artifact amplitude,
but don’t affect EPs severely. It preserves P309 clearly.

Combined ICA-artifact template subtraction methbdvss the same effect as basic artifact template
subtraction method. It requires well done ICA, #sumption is not always fullfilled.

There are no sufficient methods to prove BCG artifamoval success rate. Main reason is, that no
exact definitions and parameters of BCG artifacistexBCG artifact is also strongly subject
dependent, also technical conditions and examim&iwvironment play important role.

In future, importance of hybrid examination methedhl increase due to need of synthesis of data

from more examination methods. BCG artifact belotagghe big challenges in field of EEG signal
processing.
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7.1 Annex 1 - Comparison of EPs

Annex
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Fig 1 Comparison of EPs, red(after imaging artifact reaip\blue(after BCG removal with
ICA(EEGLAB)), black(after artifact template subtti@n method) — subject n.4(1/4)
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ICA(EEGLAB)), black(after artifact template subttian method) — subject n.4(2/4)
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ICA(EEGLAB)), black(after artifact template subttian method) — subject n.4(3/4)
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Fig 4 Comparison of EPs, red(after imaging artifact reaip\blue(after BCG removal with
ICA(EEGLAB)), black(after artifact template subtti@n method) — subject n.4(4/4)
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Fig 13 Comparison of EPs, red(after imaging artifact reatp\blue(after BCG removal with
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Fig 17 Comparison of EPs, red(after imaging artifact reatp\blue(after BCG removal with
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Fig 18 Comparison of EPs, red(after imaging artifact reatp\blue(after BCG removal with
ICA(Brainvision)), black(after artifact templatelstaction method) — subject n.10(2/4)
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Fig 19 Comparison of EPs, red(after imaging artifact reatp\blue(after BCG removal with
ICA(Brainvision)), black(after artifact templatelsttaction method) — subject n.10(3/4)
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Fig 20 Comparison of EPs, red(after imaging artifact reatp\blue(after BCG removal with
ICA(Brainvision)), black(after artifact templatelstaction method) — subject n.10(4/4)
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Fig 22 Comparison of EPs, red(after imaging artifact reatp\blue(after BCG removal with
ICA(Brainvision), black(after artifact template drtdrtion method) — subject n.11(2/4)
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Fig 23 Comparison of EPs, red(after imaging artifact reatp\blue(after BCG removal with
ICA(Brainvision), black(after artifact template srtdrtion method) — subject n11(3/4)
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Fig 24 Comparison of EPs, red(after imaging artifact reatp\blue(after BCG removal with
ICA(Brainvision)), black(after artifact templatelstaction method) — subject n.11(4/4)
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