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Abstract 
The purpose of this thesis is to design a classifier for artefact detection in microelectrode 

recording signals that were recorded during deep brain stimulation surgeries. Firstly, the issues 

of Parkinsonôs disease treatment, deep brain stimulation, microelectrode recording signals and 

existing artefact detection and segmentation methods are discussed. Secondly, two methods for 

artefact detection are designed. The first method is designed for power artefact detection in the 

time-domain using segments that are one second long. Its results are compared with the current 

annotation, questioning the convenience of the annotation. Then another ï more general ï 

method for artefact detection that uses machine-learning principles is suggested. Three features 

based on the spectrogram of the signal are designed and classifiers are created using the 

AdaBoost and the RUSBoost algorithms. The results are compared to a simple decision tree 

method and several existing methods based on the change-point detection. The final classifier 

based on the RUSBoost model working with one-second intervals proved capable of detecting 

artefacts with its 88.61% accuracy and balanced precision and specificity.  

 

 

 

 

 

 

 

 

 

Abstrakt 
Tato pr§ce se zabĨv§ navrhov§n²m klasifik§torŢ pro detekci artefaktŢ v sign§lech 

nahranĨch mikroelektrodami v prŢbŊhu procedury hloubkov® mozkov® stimulace. Nejprve je 

nast²nŊna problematika l®ļby Parkinsonovy choroby, hloubkov® mozkov® stimulace, 

mikroelektrodovĨch z§znamŢ a souļasnĨch zpŢsobŢ detekce artefaktŢ a segmentace. Navrģeny 

byly dvŊ metody pro detekci artefaktŢ. Prvn² metoda detekce je navrģena pro detekci artefaktŢ 

v amplitudŊ sign§lu za pouģit² jednovteŚinovĨch segmentŢ. Jej² vĨstup je porovn§n se 

souļasnou anotac² s vĨsledky zpochybŔuj²c²mi vhodnost pouģit² anotace. N§slednŊ je navrģena 

metoda pro obecnou detekci vġech pozorovanĨch typŢ artefaktŢ s vyuģit²m principŢ strojov®ho 

uļen². Navrģeny jsou tŚi pŚ²znaky vych§zej²c² ze spektrogramu sign§lu a vĨsledn® klasifik§tory 

jsou vytvoŚeny pomoc² algoritmŢ vyuģ²vaj²c²ch boosting. VĨsledky jsou porovn§ny 

s jednoduchou metodou rozhodovac²ch stromŢ a existuj²c²mi metodami, zaloģenĨmi na detekci 

stacion§rn²ch oblast². KoneļnĨ klasifik§tor je zaloģen na modelu RUSBoost. VĨsledky po 

n§sledn® filtrov§n² detekce na jednovteŚinov® intervaly jsou dostaļuj²c² a klasifik§tor 

s pŚesnost² 88.61% mŢģe bĨt pouģit jako znaļn§ pomoc pŚi odstraŔov§n² artefaktŢ. 
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1 Introduction 
Microelectrode recording (MER) is an important technique that helped 

neurophysiological scientists with breakthrough discoveries about the function of the nervous 

system. One of its important applications is the deep brain stimulation (DBS), a surgical 

procedure that reduces the symptoms of Parkinsonôs disease (PD) by delivering voltage into 

certain areas of the brain, e.g. subthalamic nucleus (STN). This is accomplished with 

microelectrodes leading from neurostimulator to the target area of the the brain. DBS is also 

tested to help with other chronic conditions, such as chronical pain, depression and Tourette 

syndrome. During the DBS surgery, MER recordings are used to distinguish between different 

nuclei based on their neuronal activity and also for various research purposes. The amount of 

researchers working with MER data is growing and all tools that help with processing extensive 

MER signal databases are beneficial for the future of this field of research. 

This thesis is focused on offline detection of artefacts in MER signals. This detection 

should help researchers with the removal of contaminated segments from their database in order 

to improve any process performed with data. At the beginning I studied and described 

Parkinsonôs disease and its treatment (Section 2.1 and 2.2), deep brain stimulation (Section 2.3) 

and properties of MER signals (Chapter 3). I have studied existing solutions and pointed out 

their drawbacks (Section 3.5), then I suggested my own solutions. Firstly, I designed and tested 

a simple method using an elementary feature but an adaptive threshold (Chapter 4). Then I used 

a more sophisticated machine learning method that involved an annotation of 500 signals, 

extracting and selecting features, choice of the proper model and evaluation (Chapter 5). 

The DBS toolbox for MATLABÈ by Departments of Cybernetics, FEE, CTU was used 

for processing the database. The official Statistics and Machine Learning Toolbox was also 

extensively used during the whole process. 
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2 Deep brain stimulation in Parkinsonôs disease 
In human bodies, MER signals are recorded during invasive brain surgeries, thus there 

are not many possibilities to obtain this data. Recordings from DBS surgeries for patients with 

Parkinsonôs disease are the most frequent source of MER signals. 

2.1 Parkinsonôs disease 

Parkinsonôs disease is an incurable movement disorder characterized by rigidity, tremor, 

bradykinesia and akinesia [1]. The prevalence of this most common serious disorder in the 

world is 0.3% in industrialized countries. The disorder affects 1% of people who are older than 

60 years and 4% of highest age groups [2]. 

Cells forming basal ganglia have great influence on motoric skills. They communicate 

using a chemical compound called dopamine, which is produced in the part of brain that is 

called substancia nigra. The basal ganglia works improperly if neurons are dying in the 

substancia nigra which causes the lack of dopamine [3]. 

2.2  The history of PD treatment 

The existence of electricity inside living organisms is known since the 18th century. The 

brief electric discharge - action potential - was discovered in the 19th century by Emil du Bois-

Reymond and Ludimar Hermann. It took some time before a sufficient measuring device was 

invented. In 1921 Ida Henrietta Hyde invented the intracellular microelectrode. This led to 

many important discoveries about the nervous system and it generally shifted further studies of 

neurophysiology. 

MER became widely used during stereotactic movement disorder surgeries. In 1968, the 

standard L-DOPA (chemical) therapy for PD was introduced and replaced stereotactic surgery 

in late-stage patients. This therapy delivers lacking dopamine into the brain. However L-DOPA 

therapy has several drawbacks. The effect weakens during long-time usage, thus higher doses 

administrated more frequently are necessary. L-DOPA can also cause side-effects among which 

sickness and mental problems are listed. 

In 1982 several drug addicts used heroin batches contaminated with MPTP, 1-methyl-4-

phenyl-1,2,3,6-tetrahydropyridine. This neurotoxin was synthesized in 1947 as an analgesic. 

All the drug addicts developed main symptoms of PD. This was the beginning of a great 

development in PD research. Scientists could study the disease on primates administered with 

MPTP. In the late 1980s, STN was identified as a potential therapeutic target for the 

assuagement of PD symptoms [4]. 

2.3 Deep brain stimulation 

The deep brain stimulation is a surgical procedure for PD patients. It is done by the 

insertion of a permanent electrode to the target nucleus. This electrode is connected to a 

pacemaker and stimulates the targeted area. To precisely select the trajectory for the electrode, 

magnetic resonance imaging is done before the operation. During the DBS surgery, the surgeon 

is visually evaluating MER signals by examining its time-domain and listening to the signal to 

determine the accurate location of the microelectrode. 
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DBS is very successful in assuagement of PD symptoms. It is used mostly for patients 

who do not respond to chemical therapy anymore. Patients have to visit their doctors 

periodically after the surgery so that the doctor can correct the pacemakerôs settings. Amplitude, 

length and frequency of stimulating pulses can be adjusted. Figure 2.1 shows diagram of patient 

with DBS. 

 

FIGURE 2.1: A  DIAGRAM OF PATIENT WITH DBS 

Patient after DBS surgery with implanted electrodes and a pacemaker for settings and control [5] . 
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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.  

3.1 Recording 

MER signals are recorded during the DBS surgery by microelectrodes with a tip diameter 

of about 1-10 ɛm. Most suitable materials for microelectrodes are tungsten and platinum-

iridium alloy. Microelectrode wire follows the calculated trajectory through the brain and stops 

at several positions where the signal is recorded. Most of the recordings use from 1 to 5 channels 

(in parallel inserted electrodes). Our data is recorded using the Leadpoint recording system by 

Medtronic, sampled with 24 kHz and filtered with 500 Hz to 5 kHz band-pass filter during the 

recording. The effect of this filter can be seen in Figure 3.1. With this filter, maximum 

frequency Ὢ  of signal is 5 kHz (upper cutoff frequency). According to sampling theorem, 

perfect reconstruction of signal is possible if  

 
Ὢ ςὪ , (1) 

where Ὢ is the sampling frequency. Our data meets this condition by a wide margin. The data 

is oversampled by factor of 2.4, because it is 2.4 times higher than the Nyquist rate (ςὪ ). 

3.2 Signal properties 

MER recordings are also called ɛEEG, but they are different from EEG signals. Unlike 

EEG, MER signals are not recorded on the surface of the head, but directly inside the brain. 

The diameter of microelectrodeôs tip is comparable to the size of the neuron which allows the 

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 element generated by 

the activity of distant neurons. However, for other purposes ï such as nuclei identification in 

 

FIGURE 3.1: POWER SPECTRAL DENSITY OF CLEAN SIGNAL 

Effects of band-pass filter are visible although the change is gradual. The maximum 

frequency is only a half of the sampling frequency because the frequency spectrum of 

real function is symmetrical. 
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PD ï 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 and decreases. 

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. In Figure 3.2, 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 pointing at detected spikes from cluster 1 and green arrows pointing at 

spikes from cluster 2. The red line represents the threshold evaluated by the algorithm ï 

everything exceeding this threshold is considered a spike. 

 

3.3 The impact of artefacts on MER processing 

As mentioned in Section 2.3, the surgeon determines the accurate location of the 

microelectrode during the DBS surgery. There is a research working with enormous amount of 

raw data that is trying to automatize this decision. To do this, they need to design a classifier 

using data features (e.g. average power). However, 

raw data can contain a large number of artefacts that 

make valid feature extraction hard or even 

impossible. This problem does not apply to brain 

navigation only but also to many other researches in 

which scientists work with MER data. 

One of the basic operations with MRE data is 

the spike sorting, a procedure that tries to separate 

t=(0,5)᷾ (6,10) 

[Hz] 

t=(0,10) 

[Hz] 

34.6 43.5 

TABLE 3.1: SPIKE FREQUENCY DISPARITY  

Detected changes in neuronal mean firing 

rate if we ignore/include part of the signal 

with artefact. 

 

FIGURE 3.2: DETECTED SPIKES AND THEIR CLUSTERS 

Short stretch of a signal recorded in STN, detected and clustered spikes. Each cluster is 

generated by a different neuron. 
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action potentials (spikes) from background noise. See Figure 3.3. As we can see in Figure 3.4 

and Figure 3.5, the power artefact affects the spike detection algorithm and introduces an error 

in its results. For example, using this signal to determine spike frequency can cause major 

inaccuracy. See Table 3.1. 

Detecting and labelling or filtering artefacts in MER signals is a complex task. An 

algorithm [7][8] that should be able to select stationary (clear) parts of the signal has already 

been developed, but it has some problems that are discussed in Section 3.5.3. 

The goal of this thesis is to design a classifier for automatic detection of artefacts that 

could help anyone who is working with MER data to effectively identify raw data that are 

applicable for further use from unusable data in the sense of quality. This classification should 

be precise enough to label most of the basic artefacts without the need for more detailed 

distinction of artefact types. There should also be as few false positive classifications as possible 

to preserve most parts of clean signals.  

 

FIGURE 3.3: SPIKE DETECTION DEMONSTRATION 

The red stems with a circle at the top represents detected spikes. 

 

FIGURE 3.4: SPIKE DETECTION IN A SIGNAL WITH POWER ARTEFACT 

Artefacts clearly affect the spike detection. The frequency of spikes in the short segment 

where the artefact occurs is greatly increased. 
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FIGURE 3.5: A  SIGNAL WITH ARTEFACTS AND DETECTED SPIKES 

The algorithm only detected spikes when artefacts occurred. Artefacts affected this 

spike detection highly. 
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3.4 MER artefacts 

When inspecting the signals in our database, we encounter artefacts varying in both 

temporal and spectral properties. For the evaluation 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 have an overview of how frequent different artefacts are in 

the data. According to the catalogue of artefact types that was made for the research at CTU 

FEE there are 5 types of artefacts. I only used 3 categories in this thesis because I found out 

that they often overlap. Also, it is not as critical to recognize the type of an artefact as to find 

it. 

3.4.1 Power artefacts 

This type of artefact is described as a change in the 

signal amplitude. Typically they are about 100 

milliseconds to 2 seconds long and the amplitude change 

is large, occasionally clipping out of the range. Using a 

spectrogram, they can be easily spotted as an 

amplification in the wide frequency spectrum as can be 

seen in Figure 3.6. 

Sources of these artefacts are mainly the patientôs 

movements during the recording. They are very 

common in MER and have great influence on most 

signal features. Having them labelled and excluded is 

necessary. 

3.4.2 Technical artefacts 

Technical or frequency artefacts are represented 

by a long-term constant frequency in the signalôs 

frequency spectrum, thus they cannot be physiological. 

They might not be easily spotted in the time-domain, 

especially if the artefact lasts for the whole recording, 

but they are easily identified in the spectrogram as long 

amplifications of certain frequency in time. This can be 

seen in Figure 3.7. In this figure we can also see that there is no significant effect on the 

amplitude of signal apart from the 8th second where the artefact intensifies. 

Technical artefacts mostly originate from the electromagnetic interference of other 

equipment such as lights and motors in the surgery room 

3.4.3 Baseline artefacts 

Baseline artefacts are the results of interferences of low frequencies that cause fluctuation 

in the baseline of the signal. They can be spotted as fluctuations in the detailed time-domain 

view of the signal and in its spectrogram as an amplification at the lowest frequencies. See 

Figure 3.8. Filters mentioned in Section 3.1 should eliminate these low frequency artefacts, but 

 

FIGURE 3.6: SHORT POWER ARTEFACT 

A very short power artefact and its 

effect on the spectrogram ï a narrow 

stain in a wide frequency range. 
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the high-pass filter is very gradual and it is possible that very strong amplitudes retain in the 

filtered signal.  

 

FIGURE 3.7: A  TECHNICAL ARTEFACT LASTING FOR THE WHOLE RECORDING. 

A technical artefact at frequency around 500 Hz. This artefact is very strong and has 

constant power during the whole recording. 

 

FIGURE 3.8: A  BASELINE ARTEFACT IN THE SIGNAL. 

The fluctuation of the signalôs baseline is easy to observe. A dark stain of low 

frequency and long period can be observed in the spectrogram. 
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3.5 MER artefacts and existing detection methods 

During the recording, some phenomena, either of an electrical or biological origin, can 

interfere with the signal thus decreasing its signal-to-noise ratio. These interferences can be 

reduced with proper preparation and common pre-processing. Decent grounding of the 

equipment in the operating room can eliminate common ambient electrical noise. Other 

common artefacts are caused by the movement of brain in the cerebrospinal fluid which 

displaces neurons relative to the electrode. This movement is caused by respiration, pulse or 

the movement of other body parts that causes changes in the blood circulation and possibly in 

the intracranial pressure [4]. 

Despite all the precautions and care, artefacts are common in MER signals. As shown in 

Section 3.3, removing artefacts from signals is important in basic operations performed with 

MER data. Several methods are currently used.  

3.5.1 Manual detection 

The simplest and the most often used method is manual detection performed by trained 

evaluators. Generally this method can lead to good results, but it is highly dependent on the 

evaluatorôs experience and the quality of the software. A visual inspection of signals at different 

levels of detail can reveal artefacts highly affecting waveform of the signal, but long-lasting 

artefacts can be easily overlooked. If a spectrogram, PSD or other visual representation is added 

the recognisability of artefacts is improved, but the evaluatorôs interaction with the visualisation 

is increased thus time demands are raised as well. This can be a great drawback for vast 

databases like ours. The reliability of this method can be increased by the duplicity of detection 

of the same data, the comparison of the results among evaluators and the construction of the 

final database with the use of a decision based on the majority vote or something similar. 

3.5.2 ANOVA statistical comparison 

A simple algorithm for the detection of signals contaminated with artefacts is used in [6]. 

The authors reject the whole recording based on two conditions. Firstly, signals with an 

amplitude greater than the threshold of 300 ɛV are rejected. Secondly, root mean square (RMS) 

values of non-overlapping 20 ms windows for the first and the last two seconds of the signal 

are calculated. Then ANOVA (analysis of variance) is used to determine whether RMS values 

of the first and the last two seconds come from the same distribution at the statistical 

significance level 0.005. This method can be successful especially in their study that uses 

mainly RMS values, but is still unable to detect long-lasting artefacts or artefacts occurring 

between the first and the last two seconds of the signal. Also rejecting the whole signal may be 

an unnecessary waste of the signal in the case of short artefacts that are also common in MER 

signals. 

3.5.3 Stationary segmentation 

A more advanced method was developed by Aboy and Falkenberg in [7][8]. MER data is 

used during the DBS surgery as a reliable tool for the surgeon. It helps him to accurately 

determine the position of the microelectrode. It is believed that 3 second is the minimum length 

needed to accurately determine the position. The algorithm is designed to find the longest 

stationary segment in the signal to help the surgeon with his decisions. 
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Standard score (normalization) is evaluated from signal x as 

 
ὁ

● ●

●
, (2) 

where ‘● is the mean of x and „● is the standard deviation of x. Then the signal is divided into 

N non-overlapping segments Ἳ  with equal length t, 

 Ἳ ίȟίȟȣȟί Ȣ (3) 

Autocorrelation function r is evaluated for every segment of vector Ἳ forming vector Ἡ as 

 ὥ ὶÓȟὭɴ ộρȟὔỚȟ (4) 

 

 Ἡ ὥȟὥȟȣȟὥ Ȣ (5) 

Variance of every autocorrelation function is evaluated into vector ○ as 

 ὺ ὺὥὶὥ , Ὥɴ ộρȟὔỚȟ (6) 

 
○ ὺȟὺȟȣȟὺ Ȣ (7) 

From the vector of variances ○ȟ the algorithm calculates the vector of ratios (distances) ► of all 

adjoining elements as 

 
ὶ
άὥὼὺȟὺ

άὭὲὺȟὺ
ȟὭɴ ộρȟὔ ρỚȟ (8) 

 
► ὺȟὺȟȣȟὺ ȟ (9) 

where the nominator is always the higher value and the denominator is always the smaller value. 

The vector ►  represents the distance between neighbouring segments. When this distance 

is higher than a certain threshold, time boundary between those neighbouring segments is 

considered to be a transition. A part of the signal with the greatest difference between the start 

and the end of this part is the longest stationary segment and is returned as the result. 

My colleagues from the Neuroscience research group at the Department of Cybernetics 

further extended this algorithm to find a non-contiguous stationary segment in the signal which 

reduces the wastage of clean parts of the signal discarded by the original version. It is more 

suitable for the comparison with a manual annotation. The ratio of variances (distance) is 

evaluated for every possible pair, not only for the adjoining elements, forming a distance 

matrix Ὑ as 

 
ὶȟ

άὥὼὺȟὺ

άὭὲὺȟὺ
ȟὭɴ ộρȟὔ ρỚȟὮɴ ộρȟὔ ρỚȟ (10) 

 

Ὑ

π ὶȟ Ễ ὶȟ
ὶȟ π Ễ ể

ể ể Ệ ể
ὶ ȟ ὶ ȟ Ễ π

Ȣ (11) 

Values of R higher than the threshold are replaced by ones and other values are replaced 

by zeros. Greedy algorithm searching for longest sequence of zeros is applied in graph created 
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from transition matrix R ï 0 is a transition, 1 is not a transition. The outcome of this process is 

represented by the indexes of the segment that does not have to be contiguous.  

The main drawback of these methods is that they do not use prior information about the 

data other than the search of an ad-hoc threshold. As a result, if a long-lasting stationary artefact 

is present, it might be the longest stationary segment and thus it would be returned as the result. 

Another problem are signals with large variability such as signals recorded in STN. Its 

variability causes false transitions and greatly shortens the final segment although the signal is 

clean. 
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4 Power artefact detection in time-domain 
The first out of the two designed artefact classifiers is focused on power artefacts 

detection, i.e. the changes of amplitude in time-domain. This method is based solely on the time 

course of MER signals and it uses an iteratively adaptive threshold. The results were not 

sufficient, therefore I developed another, more sophisticated method in Chapter 5. 

4.1 Database 

Our actual database consist of 18384 MER signals from 71 patients with the total length 

of almost 50 hours. The standard length of signals is 10 seconds but there is a small percentage 

of shorter signals. The term ñexplorationò means one trajectory performed by electrodes and 

ñpositionsò are the places where the electrode stops for recording. The medical nomenclature 

distinguishes several types of electrodes: central, anterior, posterior, lateral, and medial 

according to their position in the brain. All these signals were obtained in the Na Homolce 

Hospital in collaboration with the Department of Neurology, 1st Faculty of Medicine, Charles 

University in Prague. The database is structured as follows: 

¶ Patients ï 71 patients 

¶ Explorations ï 0 to 4 explorations, mean 1.9 

¶ Positions ï 18 to 62 positions, mean 36.7 

¶ Electrodes ï 1 to 5 electrodes, mean 3.7 

Every signal has its own ID structured [patient id]t[exploration id]p[position id][first 

letter of electrode name]. For historical reasons and its backwards compatibility the exploration 

is not from 1 to 4 as expected, it is rather an exploratory id. The information about the nucleus 

was annotated by the neurophysiologist during the surgery and thus it is now available for each 

signal. 

Artefacts of about 31% of signals were annotated manually by 5 trained evaluators from 

the Department of Cybernetics, FEE, CTU. They judged signals by the visual inspection of the 

time-domain and the spectrogram and by listening to the signal trough headphones. The 

annotation was divided into 5 categories according to the type of the one-second segments.  

4.2 Test and training set 

The test and the training set were selected from our signal database. 100 training and 50 

test signals were selected randomly, except for the distribution of nuclei where the signals were 

recorded. The distribution was defined to fit the nuclei distribution of the whole database. The 

artefact annotation was also used from the database but it was filtered to only contain power 

artefacts, thus other artefacts were considered clean signals. Also, one special dataset where 

technical artefacts were not filtered was created for comparison in Figure 4.1. 

4.3 Feature 

The feature used for the detection is simply a standard deviation (STD) of signal segment. 

The STD is a root mean square deviation from mean [9], computed according to 
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ώ ὛὝὈ●
ρ

ὔ ρ
ὼ ὼӶȟ (12) 

where ● is the signal, ὼӶ is the mean of the signal ● and ὔ is the number of samples of the signal 

●. 

For its properties this feature is good for detecting power artefacts assuming sufficiently 

long intervals from which it is calculated. However, it is not very suitable for the detection of 

technical artefacts which do not have a great impact on the amplitude of the signal. This can be 

observed in Figure 4.1. For this figure, feature vector of every signal was normalized by 

dividing it by its own sum to become comparable between signals with different power. This 

was necessary because unlike my algorithm, ROC uses a constant threshold for the whole 

dataset. 

4.4 Algorithm 

The idea for this algorithm came from a simple observation of the signal which showed 

that there can be power artefacts of different sizes in one signal. The algorithm simply repeats 

the threshold evaluation until no artefact is detected. 

Firstly, the signal is divided into N segments of the same length forming the vector ●. The 

feature (STD) is evaluated for every segment forming the vector Ἳ as 

 

FIGURE 4.1: ROC CURVES COMPARISON 

A comparison of several ROC curves of the STD feature. It is clear that 

the feature is better for detecting the power artefacts. 
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 ● ●ȟ●ȟȣȟ● ȟ (13) 

 Ó ὛὝὈ● ȟὭɴ ộρȟὔỚȟ (14) 

 
Ἳ ίȟίȟȣȟί Ȣ (15) 

The vector of classifications ► for every segment is generated and filled with zeros, 

 
► πȟπȟȣȟπȟίὭᾀὩ έὪ ► ὔȢ (16) 

Then the threshold Ὕ is evaluated as 

 
Ὕ ίὸὨὀ ὅ, (17) 

where ὅ is an ad-hoc constant evaluated in Section 4.5. 

Every segment with a feature Ó higher than the threshold Ὕ is considered an artefact and 

removed from the vector Ἳ. The elements of the vector ► with the same indexes as segments 

considered to be artefacts are changed from 0 to 1. If no artefact is found, the algorithm ends. 

If an artefact is found, the algorithm goes back to the threshold Ὕ calculation which is, as before, 

evaluated from the vector Ἳ but without segments labelled as artefacts. The result of this 

algorithm is a logical vector where 1 stands for the artefact in the segment and 0 stands for the 

clean segment. The MATLAB code of this detection can be seen in Figure 4.3. 

 

FIGURE 4.2: A  DETECTION WITH SEVERAL DIFFERENT THRESHOLDS 

An example of a successful detection with 3 thresholds. The first threshold detected the highest 

artefacts, the second threshold detected a smaller artefact and the last threshold detected nothing 

and the algorithm ended. 

 

 

 














































