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Abstract

Thepurpose of this thesis is to design a classfieartefact detection in microelectrode
recording signalthat were recorded durirtipepbrain simulation surgeriesFirstly, theissues
of P ar Kiseass tocatdentedp brain smulation, microeleecbde recording signals and
existing artefact detecticand segmentatiomethods are discusse®kecondly, wo mehods for
artefact detection aesignedThe first methodis designedor power artéact detectionn the
time-domain usinggegmentshat are one second lonigs resultsarecompared withthe current
annotation questioningthe convenience othe annotation.Then anotheri more general
method forartefactdetectiorthat usesnachinelearning principless suggestedT hree features
based on the spectrogram of the signal designed and classifiers are created usirey
AdaBoost andhe RUSBoostalgorithms. The esults arecomparedto a simple decisionree
method andeveralexisting methods based ¢ime changepoint detectionThe fnal classifier
based orthe RUSBoost modelvorking withonesecond intervalproved capable ofalecing
artefactswith its 8861% accuracy anblalanced precision and specificity

Abstrakt

Tato pr8ce se zabTvs8 navrhov8&n2zm klasifi
nahranlch mikroelektrodami v prTbPRDhu procedu
nast2nina probl emati ka | ®| by Parkinsonovy
mikroel&k t r 0 dD & 4 mwams[o u | zapsTnslocbhT det e k c e aNatverfgaekntyT e
bylydvhD metody pro det e lkdetekcg§ae tredvarkg €(na Pgrvan 2d ane
vamplitudnD sign§8lu za pougdgi tvd st epn ¢ eseepSoirnoow
soulasnoviahetd&y? zmokd g Ryl 2 @SSl tezd nalh g tea cnea.v
metoda pro obepopnordebnakcéasviypm®h 2m principT
ul eMatyengpou tSi pS2znaky vychSaeyPsPedr®slplek:
j sou vytvoSeny pomoc?2 al goritmT vyug2vaj?2c
sjednoduchou metodouexbghopgddovamP cmesobodami[][, az:
stacion8rKbolk| obl &$t83i fi kddelru jRUSzBaoloosgte n Vnlas
nNgsledn® filtrovgn? det ekce na jednovteSin
spSesnosmT§g@8bé1%pougit jako znaln& pomoc pS
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1 Introduction

Microelectrode recordg (MER) is an important techique that helped
neurophysiological scientistgith breakthrougliiscoveries abotthe function d the nervous
system. One of itsmportant applicatios is thedeep brain stimulation (DBSky surgical
procedurethat reduces theymptoms of° a r k i n sase(RD}¥ by deliverag voltage into
certain areas othe brain, e.g. subthalamic nucleu$TN). This is accomplished with
microelectrodes leading from neurostimulator to the target artéee tfie brain. DBS is also
testedto helpwith otherchronicconditions, such as chronical pain, depression and Tourette
syndromeDuring the DBS surgery, MER recordings are used to distinguish between different
nuclei kased on their neuronal activiand also for variousesearch purposeshe anount of
researchrsworking with MER data is growing arall tools that helpvith processingxtensive
MER signal databases dveneficialfor thefuture of this field of research

This thesis is focusedn offline detection of artefacts in MER signal$is detection
shouldhelp researchersgith the removal o€ontaminated segments from their datalaseder
to improve any process performed with dafd.the beginning | studied and described
Parkinsonods di s Eectsoa2.land2?), dedp brairt stineukatiofBection2.3)
and properties of MER signa{€hapter3). | havestudied existing solutions anpbinted out
theirdrawbackgSection3.5), then | suggested my ovgolutions Firstly, | designed and tested
asimple method usingnelementary feature banadaptive threshol(Chapter). Then | used
a more sophistiated machine learning methduhat involvedan annotation of 500 signals,
extracting and selecting featurebpice ofthe popermodeland evaluationGhapters).

TheDBS t ool box fyDepalireiiid oh®Eernetics, FEE, CTU was used
for processinghe databaseThe official Statistics and Machine Learning Toolbox waso
extensively used durgthewhole process.



2 Deep brain stimulationiRar Ki nsonos

In human bodiesMER signals are recorded dugifinvasive brain surgeries, thus there
arenot many possibiligs to obtain this dat&ecordings from DBS surgerifs patients with
Parkn s o n 0 s aréthesmmst fsequent source of MER signals.

21Par ki nsonds di sease

Par ki ns on amncudablesneosement disarder characterized by rigidigmur,
bradykinesiaand akinesigl]. The prevalence of this most common seridisorder in the
world is 0.3% in industrialized countries. The disorder affétésof people whareolder than
60 years and 4% difighest age grqus|[2].

Cells forming basal ganglia have greafluence on motoric skills. They communicate
using a chemical compound called dopamine, which is producetiampar of brainthat is
called substancia nigraThe basal ganglia works improperly neurons are dying in the
substancia nigra which causes the lack of dopaiBine

2.2 The hstory of PD treatment

The existence of electricity inside Ing organisms is known sintiee 18" century. The
brief electric dischargeaction potentiat was discovered ithe 19" century by Emil du Bois
Reymond and Ludimar Hermann. It took setme before aufficient measuring device was
invented. In 1921 Ida Henrietta Hyde inventée intracellular microelectrode. Thigd to
manyimportant discoveries abotite nervoussystem and generally shiftedurther studie®f
neurophysiology.

MER becamewidely used duringteredactic movement disorder surgeriés 1968 the
standard.-DOPA (chemical)therapy forPD was introducedrad replaced stereotactic surgery
in late-stage patientd his therapy deliveslacking dopamine intthebrain.However -DOPA
therapy has several drawbackbe effectweaens during longime usage, thus higher doses
administrated more frequently are necessaiyQPA can also cause siddfectsamong which
sickness and mental problea® listed

In 1982 severallrug addicts used heroin bagdtontaminated with MPTP -thethyt4-
phenyt1,2,3,6tetrahydropyridine. This neurotoxin wagnshesized in 1947 as an anaiges
All the drug addicts developetiain symptoms of PD. Thigas the beginning of a great
developmenin PD research. Scientists could study the disease on primates administered with
MPTP. In the late 1980s, STN was identified aspotential therapeutic target fdhe
assuagement of PD symptofds.

2.3 Deep brain stimulation

The deep brain stimulation ia surgical procedure for PD patientk.is done by the
insertion of a permanent electrode tine target nucleusThis electrode is connected &
pacemaker and stimulatégetargeted area. To precisely seldatrajectory for the electrode,
magnetic resonance imaginglienebeforetheoperation During the DBS surgeryhesurgeon
is visually evaluating MER signals @xamining its timedomain ad listening to the signal to
determingheaccurate location of the microelectrode.



DBS is very successful in assuagement of PD symptoms. It is used mogttiénts
who do notrespond to chemical therapy anymore. Patidrdse to visit their doctors
periodically after the surgery so Ampliude, t he d.

length and frequency of stimulating pulses can be adjusigure2.1 shows diagram of patient
with DBS.

DEEP BRAIN
STIMULATOR LEAD

ELECTRODES

— SUBTHALAMIC NUCLEUS

SUBSTANTIA NIGRA

CONNECTIVE WIRES

PACEMAKER

FIGURE 2.1: A DIAGRAM OF PATIENT WITH DBS

Patient after DBS surgery with implanted electrodes and a pacemaker fogsethd contro[5] .



3 MER signals

This chapter describes properties of MER signals and their recording. It also discuss
different origin and types of artefacts that occurs during recording and current methods of said
contaminated signal removal.

0 Power spectral density

5 kHz

Power/frequency (dB/Hz)

-80 1 1 1 1 1

Frequency [kHz]
FIGURE 3.1: POWER SPECTRAL DENSIY OF CLEAN SIGNAL

Effects of bangbassfilter are visible although the change is gradual. The maximt
frequency is only a half of the sampling frequency because the frequency spect
real function is symmetrical.

3.1 Recording

MER signals are recordetliring tie DBS surgerpy microelectrodes with a tip diameter
of aout1-10 € m. Mo st suitable materials for- micro
iridium alloy. Microelectrode wire followshe calculated trajectorthroughthebrainand stops
at several positins whereghesignal is recordedvost of the recordingusefrom 1 to5 channels
(in parallel inserted electrode€)ur data igecorded usinghe Leadpoint recording system by
Medtronig sampled witi24 kHz andiltered with 500 Hz to 5 kHz banrpass fiter duringthe
recording The effet of this filter can be seen iRigure 3.1. With this filter, maximum
frequencyQ of signal is 5 kHz (upper cutoff frequency). According to sampling theorem,
perfect reconstruction of signal is possitble

Q qdQ D

where Qis the samping frequency. Our data meedtss condition by a wide margiifhe data
is oversampled by factor of 2.4, becaitss 2.4 times higher thathe Nyquist rate ('Q ).

3.2 Signal properties

MER recordingar e al so call ed e€eEEG, but they are
EEG, MER signals are not recorded on the surface of the head, but directly inside the brain.
The diameter of microelectrodebs tip i s comp

microelectrode to accurately record the activity of several closely positioned neurons.

The MER signal consist of two main components: background (noise) and spikes (action
potentials). In most studies, background is considered to be an unwanted ekemeeaiiegl by
the activity of distant neurons. However, for other purpésgsch as nuclei identification in



Detected spikes in clean signal
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FIGURE 3.2: DETECTED SPIKES AND HEIR CLUSTERS

Short stretch of a signal recorded in STN, detected and clustered spikes. Each clu
generated by a different neuron.

PD1 background activity may be an important and investigated signal property. The spike is
an event in which the electrical membrane potential of a neuron rapidly grows andetecreas
Several neurons can contribute on the spike activity in the signal, but their position relative to
the electrode defines the shape and the amplitude of the spike, thus they can be divided into
clusters. IrFigure3.2, we can see two cluster of spikes detected by the spike sorting algorithm
from clean signal recorded in STN and their mean. In the figure one can also see a part of this
signal with red arrows pointingt detected spikes from cluster 1 and green arrows pointing at
spikes from cluster 2. The red line represents the threshold evaluated by the algorithm
everything exceeding this threshold is considered a spike.

3.3The mpact of artefacts on MER processing

As mentioned in Sectior2.3 the surgeordetermins the accurate location of the
microelectrodeluring the DBS surgeryl.here isaresearctworking with enormousraount of
raw data that isrying to automatize this decision. Bo this they need to desigmclassifier
using data feates (e.g. average power). However,

raw data can contain a large number of artefacts that t=(0,5) (6,10) t=(0,10)
make valid feature extraction hard or ever [Hz] [Hz]
impossible This problem does not apply twain 34.6 43.5

navigation onlybut also tanany other research#s 1,5 ¢ 3.1: Spike FREQUENCY DISPRITY

which scientists work with MER data. . iy
Detected changes in neuronal mean firing

One of the basic operations with MRE data isate if we ig”?/;ﬁa”‘i't“‘:e Fsa” of the signal
the spike sortinga procedure that trig® separate aretact



action potentialgspikes) from background noise. S&gure3.3. As we can see iRigure3.4
and Figure3.5, the power artefact affects the spike detection algorithm and introdneeor
in its results. For exampleising this signal to determine spike frequy can cause major
inaccuracy SeeTable3.1.

Detecting and labelling or filtering artefacts in MER signals is a complex fask.
algorithm [7][8] that shouldbe able tcselect stationaryclear) parts of theignal hasalready
been developed, but it has some probléms arediscussed irfsection3.5.3

The goal of this thesis is to desigrtlassifier for autmatic detection of artefacts that
could help anyone who is working with MER data to effectively identdy data that are
applicable for further use from unusable data in the sense of quality. This classification should
be precse enough tdabel most ofthe basic artefacts without the need for more detailed
distinction of artefact types. There should dleas few false positive classifications as possible
to preserve most parts of clean signals.

Spikes sorted from background noise

20 i T T T T T ]
- ()]
5 10
(]
El !\ i h I LTI ’Il Ikl l ”Inl ll'l‘n‘lTl ||‘| Wbl L.‘J i l‘|
= || ”!l‘www 1|H’|l HWWHH[HHH
g -10
(]
-20 i 1 1 1 1 1 ]
9880 9890 9900 9910 9920 9930 9940
time [ms]
FIGURE 3.3: SPIKE DETECTION DEMONSTRATION
The red stems with a circle at the top represents detecteds.spike
200 Influence of artefact on spike sorting algorithm
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FIGURE 3.4: SPIKE DETECTION IN ASIGNAL WITH POWER ARTEFACT

Artefacts clearly affect the spike detectidhe frequency of spikes in the short segme
where the artefact occurs is greatly increased.
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FIGURE 3.5: A SIGNAL WITH ARTEFACTS AND DETECTED SPIKB

The algorithm only detected spikes when artefactsirred. Artefacts affected this
spike detection highly.



3.4 MER artefacts

When inspecting the signals in our database, we encounter artefacts varying in both
temporal and spectral properties. Buogevaluation of a detection system, it may be useful to
divide the artefacts into several groups based on their properties. This way we can identify
weaknesses of our algorithms and ham@verview of how frequent different artefacts are in
the data. According tthe catalogue of artefact types that was mautetie research at CTU
FEE there e 5 types of artefacts.only used 3 categories in this thebscause | foundut
that they often overlap. 180, it is not ascritical to recognize the type ahartefact as to find
it.

3.4.1Power artefacts
Power artefact

Thistypeof artefact is described aglaange irthe
signal amplitude. Typally they are about 10C = 200
milliseconds to 2 seconds long and the amplitude che S
is large, occasionally clipping out of the range. Usint &
spectrogram, they can be easily spotted as = -200
amplification inthe wide frequency spectrum as can | 3800 4000 4200
seen inFigure3.6. time [ms]
Sourcs of these artefacts are mairthe patients 3000 Spectrogrm
movemens during the recording. They arevery N | :
common in MER and have greatfluence m most -
signal features. Having them labelled and exclude« % ‘
necessary. % 1000
i - .
3.4.2Technical artefacts O 800 4000 4200
Technical or frequency artefacts are represer time [ms]

by a longterm constant frequencyn the signab s
frequency spectrumhusthey cannot be physiological
They mightnot be easily spotted ithe timedomain, A very short power artefact and its
especially ifthe artefact lastfor the whole reording, eﬁset‘;r??ntgew‘?gg‘;:reoqglﬁggr;g;rg;‘f
but they are easily identifigd the spectrogram as lon¢

amplifications of certain frequency in time. Théan be

seen inFigure 3.7. In this figure we can alscesthat there is no significant effect dhe
amplitude of signal apart frothe 8" secondvhere the artefact intensifies.

FIGURE 3.6: SHORT POWER ARTEFACT

Techncal artefacts mostlyoriginate from the electromagnetic interference of other
equipment such as lights and motorshiesurgeryroom

3.4.3Baseline artefacts

Baseline artefacts atieeresults of interferences of low frequendileat caus@uctuation
in the baseline othe signal. They can be spotted as fluctuationghe detailed timedomain
view of the signal and in its spectrogram as amplification at the lowest frequencies. See
Figure3.8. Filters mentioned isection3.1should eliminate these low frequency artefabut



the highpass filter is venygradualand it is possible that very strong jalitudes retain irthe
filtered signal.

Long-lasting technical artefact
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FIGURE 3.7: A TECHNICAL ARTEFACT LASTING FOR THE WHOLERECORDING

A technical artefact at frequency around 500 Hz. This artefact is very strong and t
constant power during thehole recording.
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FIGURE 3.8: A BASELINE ARTEFACT INTHE SIGNAL.

The fluctuation of the signal és bes
frequency and long period can bbserved in the spectrogram.



3.5MER artefacts and existing detection methods

During the recordingsome phenomena, eithef anelectrical or biological origincan
interfere with the signahus decreasing itsignatto-noise ratio These mterferences cabe
reduced withproper preparatiorand common prprocessing. Bcent grounding othe
equipment in the operating room can eliminatenmon ambient electrical noiseOther
common artefactsre caused byhe movement of brain irthe cerebrospinal fluidwhich
displacesneuronsrelative to theelectrode. This movement cawused by respiration, pulse or
themovement of other body pattsat causeshanges irthe blood circulatiorand possibly in
theintracranial pressur].

Despite allthe precautiors andcare,artefacts are common in MER signals. As shown in
Section 3.3, removing artefacts from signails importantin basic operations performed with
MER data. Several methsdre currently used.

3.5.1Manual detection

The simplestaindthe most often usedethod is manual detection performed by trained
evaluatorsGenerally thismethodcan lead tayood results, but is highly dependent othe
eval uat or 0 s thequaliteaof theesoftwage. Asumaldnspection of signat different
levels of detail can reveal artefacts highly affectimgveform of the signal, but loAgsting
artefacts an be easily overlooked. IfispectrogramPSD or other visual representatismdded
therecognisability of artefacis improved butthee val uat or 6s i nteracti on
is increased thuime demandsre raised as wellThis can bea great drawback for vast
databases like ourshe rliability of this methodtan be incrased bythe duplicity of detection
of the same datdhe comparison othe results amongvaluators anthe construcion of the
final database with these of adecision based atme majority vote or something similar.

3.5.2ANOVA statistical comparison

A simple algorithm fothedetection of signals contaminated with artefacts is usg].in
The aithors rejectthe whole recordingbased on two conditions. Firstly, signals wih
amplitude greaterthantheh r eshol d of 300 erabtneansquare(RM) t e d .
valuesof nonoverlapping 20 ms windows fdhe first andthe last two seconds of the sign
are calculated. Then ANOVA ifalysis of variance) is used to determine whether RMS values
of the first and the last two seconds come from the same distribuarihe statistical
significance leveld.005. This methodcan be successful especially timeir studythat uses
mainly RMS values, but is still unable to detect ldasfing artefacts or artefacts occurring
betweerthefirst andthelast two seconds ahesignal.Also rejecting the whole signal may be
an winnecessarwaste of the signah the case of short artefactsat are also common in MER
signals.

3.5.3Stationary segmentation

A more alvanced method was developed by Aboy and Falkenb¢rg(8). MER data is
used duringthe DBS surgery as reliable tool forthe surgeon. It helps him taccurately
determindheposition ofthemicroelectrode. It is believed thas8cond is the minimum length
needed to accurately determine the positibne algorithm is designed to firthe longest
stationary segment ime signal to helghe surgeon wittis decisios.
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Standard score (normaditzon) is evaluated from signalas

0 ’ )

where' , isthemean ofx and,, , is thestandard deviation of. Then the signal is divided into
N non-overlapping segmentt with equal length t,

" ihMBH 8 ©)
Autocorrelation functiom is evaluated for every segmaftvector’l forming vectorHas
® 1 O Ry 6l i 4
H OBy 8 (5)
Variance of evenautocorrelation function is evaluatedo vectoro as
0 0O, e (6)
o) vhh B 8 (7)

Fromthevector of varianceshthealgorithmcalculats thevector of ratiogdistancesyof all
adjoining elements as

Ao ol pdi (8)
» DR h (9)
where the nominator is always the higher value and the denominaliwais the smaller value.

The \ector » representthedistancebetween neighhgaing segments. When this distance
is higher thana certainthreshold,time boundary between those neighbouring segmients
consideredo be atransition.A part ofthe signalwith the greatedtifference betweethe start
and the end of this pad the longest stationary segment and is retuaséide result.

My colleagues fronmthe Neurcscience researajroup at the Department of Cybernetics
further extended this algdinim to find anoncontiguous stationary semgnt inthe signalwhich
reduceghe wastagef cleanparts of thesignal discaded by the original version. i6 more
suitable forthe comparison witha manual annotation. Thatio of variances (distance) is
evaluated for every possible pair, not only tbe adjoining elements, forming a distance
matrix'Y as

aowh ., o ~
b oD A oy p@iy oy pdi (10)
T [ |§ [
, lF T E é
Y & s _E & 8 11
i 5 U 5 E T

Values of R higher thathe threshold are replaced byes ad other values are replaced
by zeros. Greedy algorithm searching for longest sequence of zeros is appliagh created
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from transition matrix R 0 is atransition, 1 is not a transitiofihe outcome of this process is
represented by thadexes of the segment that doesmte to be contiguous.

The main drawback of thesmethods is that they do not use prior information about the
data other thatheseach ofanad-hoc thresholdAs a result, ialong-lasting stationary artefact
is present, it might be the longest stationary segamsithusit would be returned as thmesult.
Another problem are signals with large variability such as signals recond&IN. Its
variability causes false transitions and greatly shortenrialesegment although the signsl
clean.
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4 Power artefact detection in tirtkomain

The first out of the two designedartefact classifierss focused on power artefacts
detectioni.e. thechanges oamplitude in timedomain.This method is basesblelyonthetime
course of MER signaland it usesan iteratively adaptivethreshold The results were not
sufficient, therefore | developed another, more sophisticated meti@ithpters.

4.1 Database

Our actual database consist of 18384 MER signals from 71 patientheithtal length
of almost 50 hours. Theandard length of signais 10 seconslbut there is a small percentage
of shorter signalsT h e t xplorationdi e meoaetajectory performed by electrodes and
fiposition® arethe places wher¢he electrode stoper recording.The medical nomenclature
distinguishesseveral types of eleddes: central, anterior, posterior, lateradnd medial
according to their position in the braiAll these signals were obtained in tha Homolce
Hospitalin collaboration withthe Department of Neurology *Faculty of Medicine, Charles
University in Rague The dtabase is structured as follows:

1 Patients 71 patients

1 Explorations’ O to 4 explorations, mean 1.9
1 Positionsi 18 to 62 positions, mean 36.7

1 Electrodedg 1to 5 electrodes, mean 3.7

Every signal has its own ID structured [patient id]t[exatmn id]p[position id]first
letter of electrode name]oFhistorical reasons ariid backwards compatibilittheexploration
is notfrom 1 to 4 as expected,is ratheranexploratory id Theinformation abouthe nucleus
was annotated by threeurophysiologist during the surgead thus it is novavailablefor each
signal

Artefacts ofabout 31% of signals were annotated manually by 5 trained evaluators from
theDepartment of Cybernetics, EECTU. They judged signals by thisual inspectiorof the
time-domain andthe spectrogram and Histening tothe signal trough headphones. The
annotation was divided intb categories according to the type of the-seeond segments

4.2 Test and traiimg set

The test and the training set weedected fronour signaldatabasel00 training and 50
test signalsvere selected randomlgxcept fotthedistribution of nuclewhere the signalwere
recorded The distributiorwas defined to fithe nucleidistribution d thewhole databas&.he
artefact anotationwas also used frorthe databaséut it was filteredto only contain power
artefacts, thus other artefacts wea@nsidered clean sigsalAlso, ane special dataset where
technical artefacts weret filteredwascreated for comparison Figure4.1.

4.3 Feature

Thefeatureused forthedetections simplyastandard deviatio(6TD) of signal segment.
TheSTDis aroot mean square deviation from mg@h computedaccording to

13



09t ]
08t ]
AUC 0.72
9 O7f ¢ :
o
5 06F .
>
@ 057 AUC 0.57 l
o
© 04 ]
2
|_
03} e .

0.2 H
power
0.1 /'/ power and technical

0 1 1 1 1
0 0.2 0.4 0.6 0.8 1

False positive rate

FIGURE4.1: ROCCURVES COMPARISON

A comparison of several ROC curves of the STD feature. It is clear t
the feature is better for detecting the power artefacts.

® "Y'Y@ s © o h (12

wheree is thesignal,afis themean othesignale and( isthenumber of samples diesignal
o

For its properties this feature is good for detecting power artefacts assuming sufficiently
long intenals from which it is calculated. However, itrist very suitablefor the detection of
technical artefacts which dwt havea great impact otheamplitudeof thesignal. This can be
observed inFigure 4.1. For this figure, feature vector oévery signal wasormalizedby
dividing it by its own sum to becomeomparable between signals with differpotver. This
was necessary becauselike my algorithm ROC usesa constant threshold fothe whole
dataset.

4.4 Algorithm

The dea for this glorithm came frona simple observatiorof the signal which showed
thattherecan be power artefacts of different sizes in one siditd.algorithmsimply repeats
the threshold evaluation until no artefact is detected.

Firstly, thesignal is divided intdN segments athesame lengtliormingthevectore. The
feature(STD)is evduatedfor every segmerformingthevector’l as
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The \ector of classificationsfor everysegments generated and filled with zeros,

» T8 MH Q&d @ 08 (16)
Thenthethreshold’Vis evaluated as
Y i o&® O, (17
where0 is anad-hoc constant evaluated $ection4.5.

Every segment witla featureO higher tharthethreshold'Yis consideredn artefact and
removed fromthe vector’l. The dements ofthe vector »with the same indexes as segments
consideredo beartefacs are changed from 0 to E.no artefacis found, the algorithm ends.

If an artefacts found thealgorithm goes badio thethreshold Ycalculation which is, as before,
evaluated fromthe vector”l but without segments labelled as artedadthe result of this
algorithm isa logical vectowhere 1 stands faheartefact inthe segment and 8tandgor the
clean segmenThe MATLAB code of this detectiortanbe seen irrigure4.3.

FIGURE4.2: A DETECTION WITH SEVER\L DIFFERENT THRESHQ@DS

An example of a successful detection withr@sholds. The first threshold detected the highe
artefacts, the second threshold detected a smaller artefact and the last threshold detected
and the algorithm ended.
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