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Abstract

In comparison to other methods used for long-term monitoring of fetal health, fetal
phonocardiography has the potential to be more convenient and affordable due to its non-
invasive nature and the possibility of implementation on omnipresent devices such as
smartphones. Fetal phonocardiography signals can oftentimes be misinterpreted due to various
sources of sound in the womb. Therefore, the question remained whether a machine learning
model trained for fetal heartbeat detection containing a conventional set of audio features could
be improved by introducing features taken from signal representations processed by two
methods: empirical mode decomposition (EMD) and pitch shifting. Furthermore, features based
on psychoacoustics were proposed as an additional input to the model. In other words, the main
goal of this research was to employ EMD and pitch shifting as preprocessing steps, as well as
psychoacoustics descriptors such as perceptual linear prediction coefficients, in order to enable

the utilization of additional characteristics from the phonocardiography signal.

Features extracted in this fashion were assessed through the analysis of their relevance,
usefulness and significance in relation to the performance metrics, such as accuracy or
precision. Two raw datasets of audio data were employed as input, one custom recorded and
collected through fetal heartbeat acquisition obtained from 8 pregnant women, while the other
was taken as an available dataset of simulated fetal heartbeat sounds with different noise levels.

Two scenarios with different inputs were introduced in this research.

In Scenario A, the custom dataset was utilized to train a machine learning model from features
originating from raw, filtered and EMD-processed versions of the audio signal. The results
consistently indicated high ranking of features based on EMD and their ability to improve
general detection accuracy once they were introduced to the set of audio features. Namely, the
selected subset of combined audio and EMD-based features in comparison to all audio features,

improved the detection accuracy by up to 10.28%.

Scenario B contained 6 different cases, incorporating 3 extracted datasets generated from
custom raw data and variable segmentation window lengths and 3 extracted datasets acquired
through taking the simulated raw dataset with 3 different signal-to-noise ratio values for the
fetal heartbeat sound signal. The results of feature selection and ranking methods indicated

consistently high relevance of psychoacoustic features, especially in the case where frequency



shifting was used as a preprocessing step. In addition to the random forest models trained with
the selected feature subsets, two new classifiers (support vector machine with cubic kernel and
bagged trees) were introduced to assess the impact of the entire sets of characteristics added
through the proposed preprocessing and feature extraction methods. The analysis showed that
the included dimensionality gained through the pitch shifting and EMD in the preprocessing
steps with audio and psychoacoustic feature extraction raised the detection accuracy to a higher

level, reducing misclassification rate up to nearly 3 times in some instances.

As a final result of this research, the impact of the proposed preprocessing and feature extraction
methods in the automatic FPCG classification was shown to be substantial. In addition, the
showcased approaches have been demonstrated to be feasible for the implementation in an
algorithm for real time usage, further highlighting the possible benefits of the system and its

components in the biomedical industry.

KEYWORDS

empirical mode decomposition, psychoacoustics, feature selection, fetal heart sound, machine

learning, pitch shifting, fetal phonocardiography



ProSireni sazetak

Metoda Kklasifikacije fetalnih fonokardioloSkih signala primjenom
empirijske dekompozicije modova i psihoakustickih parametara

U usporedbi s drugim metodama za dugorocno pracenje zdravlja fetusa, fetalna
fonokardiografija ima veliki potencijal - s obzirom na moguénost implementacije na
svakodnevnim uredajima i neinvazivnost, mogla bi postati prilagodenija i jeftinija alternativa.
Zbog visoke razine Suma koji proizlazi iz ostalih izvora zvuka u utrobi majke, signali dobiveni
navedenom metodom c¢esto mogu biti krivo interpretirani. Predlozene su dvije metode
predobrade zvuka otkucaja srca fetusa: empirijska dekompozicija modova i promjena
frekvencije. Uz konvencionalne "audio" znacajke, izlu€ene su i one bazirane na psihoakustici.
Takoder, primjenjene su i metode strojnog ucenja u svrhu procjene vaznosti pojedinih znacajki,
kao 1 evaluaciji kvalitete klasifikacije. KoriStena su 2 izvora podataka: podaci snimljeni na 8
trudnica u razli¢itim tjednima trudnoée te simulirani podaci inafe primjenjiivi u sli¢nim
istrazivanjima. Rezultati pokazuju poboljSanje kvalitete klasifikacije i visoku rangiranost
pojedinih znacajki iz podskupa predlozenih metoda, pogotovo u slu¢aju kombinacije promjene

frekvencije 1 psihoakustickih znacajki.

Fetalna fonokardiografija je u svojoj sustini prikupljanje, analiza i obrada signala otkucaja srca
fetusa. Prednosti navedene metode ocituju se u jednostavnosti koriStenja (potrebna je jedna
sonda) te dostupnosti na uredajima Siroke primjene, kao Sto su pametni telefoni. Nazalost,
akvizicija akustickog signala iz utrobe ima viSe nedostataka: uz jako lo§ odnos signala i Suma,
dolazi do problema u loSem prijenosu zvuka zbog neprilagodenosti akusticke impedancije

slojeva koze 1 miSi¢a na akusticku impedanciju zraka.

Najcesca neinvazivna metoda pri procjeni stanja fetusa ukljucuje ultrazvucne tehnologije, za
koje se ne preporucuju vremenski duzi i ¢e$¢i intervali koriStenja. Kako je implementacija
fetalne fonokardiografije teoretski moguca na svaki uredaj s (kvalitetnim) mikrofonom,
postavlja se pitanje mogu li softverske metode poboljSati kvalitetu snimljenog signala te

omoguciti pouzdanu procjenu zdravlja fetusa.



S ciljem utvrdvanja postojanja i same pozicije otkucaja fetalnog srca, predlozeno je vise metoda
u svrhu predobrade i izlu€ivanja znacajki signala. Dobivene znacajke klju¢ne su za treniranja
modela strojnog ucenja koji mogu ostvariti superiorne performanse u odnosu na ekspertne

sustave, pogotovo u podrucju kompleksnijih zadataka u n-dimenzionalnom prostoru odluke.

Empirijska dekompozicija modova (EMD) predlozena je metoda predobrade u svrhu
prociS¢avanja signala zvuka od Suma. Iterativni proces, zvan prosijavanje, sluzi za generiranje
funkcija intrinziénih modova koji u idealnom scenariju sadrze “modove oscilacije” signala.
Prilikom prosijavanja, na ulaznom signalu racunaju se gornja i donja ovojnica signala te se
njihova srednja vrijednost oduzima od ulaznog signala. Nakon $to su ispunjeni uvjeti za
funkciju intrinzi¢nih modova, ista se sprema te otvara put novom ulaznom signalu za generaciju
idu¢ih modova. Ovakav pristup omogucuje odvajanje Suma od korisnog signala, odnosno
izlu€ivanje prvog i drugog zvuka signala fetalnog srca, S1 i S2. EMD, nazalost, pati od
problema suboptimalne konvergencije i mijeSanja modova, tako da je izgledna prisutnost Suma
1 u funkcijama intrinzicnih modova. Razni korisni signali (npr. S1 1 S2) mogu se nalaziti u
razli¢itim modovima, dodatno kompliciraju¢i izlaz iz empirijske dekompozicije modova.
Unato¢ svemu navedenom, EMD i dalje ostaje korisna metoda za dekompoziciju nelinearnih i

nestacionarnih biomedicinskih signala.

Psihoakustika je znanstvena disciplina koja se bavi proucavanjem percepcije zvuka, usko
povezana s biologijom, fizikom, akustikom, psihologijom te fiziologijom. Jedna od glavnih
ideja ovog istrazivanja jest iskoristiti moguénost ljudskog uha da percipira izrazito kompleksne
zvukove u raznim neodgovaraju¢im uvjetima. S obzirom da je ljudsko uho osjetljivije prema
viSim frekvencijama te da se vecéina energije zvuka otkucaja srca fetusa nalazi u frekvencijskom
rasponu izmedu 20 i 200 Hz, signal je potrebno predobraditi metodom promjene frekvencije
signala. S ciljem pomicanja frekvencije signala prema viSem dijelu spektra, implementiran je

fazni vokoder.

Kao kona¢na metoda za klasifikaciju zvuka otkucaja, predlozeno je strojno ucenje. S obzirom
da se radi o izrazito sloZzenom problemu klasifikacije u viSedimenzionalnom prostoru, odradeno
je izlu¢ivanje znacajki signala u domeni konvencionalnih audio znacajki i psihoakustickih
parametara. Razne metode iz podrucja statistike i strojnog ucenja iskoristene su za procjenu

znacaja metoda predlozenih u ovom istrazivanju.



Ulazni skup podataka ostvaren je snimanjem 8 trudnica u treCem tromjesec¢ju trudnoce, koristeci
mjerni mikrofon paralelno s Doppler ultrazvu¢nim uredajem. Mjerni mikrofon upotrijebljen je
za akviziciju signala zvuka otkucaja fetalnog srca, a ultrazvucni uredaj iskoriSten je za
dobivanje pozicije signala zvuka S1 koja je sluzila kao oznaka u nadziranom strojnom ucenju.
Zbog razli¢itih nacina rada mikrofona i Doppler uredaja, pojava korisnog signala na jednom
instrumentu nije garantirala prisutnost istog na drugom te je predstavljena nekolicina filtera za

prociS¢avanje ulaznih podataka.

Prikazana su dva scenarija za validaciju predlozenih metoda: scenarij A i scenarij B. Dok se
prvi scenarij bazira na usporedbi verzije signala obradene statickim filtrom s funkcijama
intrinziénih modova dobivenih empirijskom dekompozicijom modova, drugi scenarij
usporeduje staticki filtrirani signal s funkcijama intrinzicnih modova i signalom pomaknute
frekvencije. Cijela predobrada signala i izlu¢ivanje znacajki odradeni su u programskom
su¢elju MATLAB, dok su same metode statistike 1 strojnog ucenja implementirane u

programskom jeziku Python.

Scenarij A ukljucuje izluéivanje standardnih audio znacajki na 5 verzija signala: neobradenom
signalu, filtriranom signalu te 3 prve funkcije intrinziénih modova. U svrhu dobivanja primjera
za strojno ucenje, signal je segmentiran prozorom od 200 ms sa skokom od 100 ms, a svaki je
primjer oznacen s 1 ako sadrzi poziciju S1 dobivenu s Doppler uredaja te 0 ako je ne sadrzi.
Ovakav pristup segmentiranja izgenerirao je 7604 primjera za ucenje. 1z svakog od 5 oblika
signala izluceno je 18 statistickih znac¢ajki i 9 spektralnih znacajki, dajuci konacan broj od 135
znacajki prije strojnog uc¢enja. Uz samu mjeru poboljSanja tocnosti modela, koristene su i razne
metode za procjenu vaznosti odredenih znacajki: korelacijska analiza, metoda uzajamne
informacije, analiza varijance s jednim promjenjivim faktorom (ANOVA), ugradena metoda

slu¢ajne Sume i rekurzivna eliminacija znacajki.

Rezultati ukazuju na vecu vaznost funkcija intrinzicnih modova. Uz konstantnu prisutnost
znacajki dobivenih kroz verziju signala obradenu empirijskom dekompozicijom modova,
pokazano je da kombinacija znacajki iz skupa filtriranog signala te seta funkcija intrinzi¢nih

modova poboljSava to¢nost klasifikacije do 10,28%.



Scenarij B unaprijedio je istrazivanje iz scenarija A na vise fronti. Uz predstavljanje dodatnih
metoda za procjenu vaznosti znacajki, ukljucivanje psihoakustickih parametara u proces
izlu€ivanja povecalo je broj znacajki s originalnih 135 na 212. Konkretno, nakon “izbacivanja”
neobradenog signala te 3. funkcije intrinzi¢nih modova zbog loSih pozicija u rangiranju
vaznosti, iskoriStene su 4 verzije signala: staticki filtrirani signal, 2 funkcije intrinzi¢nih
modova te frekvencijski pomaknut signal (za 2 oktave, odnosno pomak od 4x). Uz osnovnih 27
“audio” znacajki, izluceno je i 13 mel-frekvencijskih kepstralnih koeficijenata (MFCC) i 13
perceptivnih linearnih predvidaca (PLP). Kako su navedeni psihoakusti¢ki parametri izlu¢ivani
na manjim prozorima unutar primjera signala, dobiveni 2D tenzori su transformirani u 1D

koriStenjem 2 statisticka funkcionala — srednje vrijednosti i standardne devijacije.

U svrhu dodatne validacije na signalima, predstavljen je i simulirani skup podataka, inace
koriSten u sli¢nim istrazivanjima u fetalnoj kardiografiji. Korisni dio signala simuliran je
generiranjem S1 1 S2 vali¢a, dok je pozadinski Sum iz raznih izvora unutar utrobe dodan u
razli¢itim omjerima. Kako su signali iz skupa podataka pokrivali cijeli raspon snage Suma, za
ulazni signal izabrana su 3 primjera s jako niskom razinom odnosa signal-Sum: -26,7 dB, -24,4
dB i -22 dB. Za oznacavanje pozicija S1 signala izabran je signal s najboljim omjerom signala
i Suma (-4,4 dB). Takoder, skupovi podataka dobiveni iz snimljenih signala su proSireni tako
da su, uz originalnu Sirinu prozora od 200 ms, izabrane i 2 nove veli¢ine od 100 1 150 ms. Time
je ostvareno 6 skupova podataka za treniranje modela: 3 iz snimljenih signala s razli¢itim

veli¢inama prozora i 3 iz simuliranih signala s razli¢itim omjerima signal-Sum.

Rezultati su pokazali superiorni plasman psihoakustickih znacajki u kona¢nom rasporedu
vaznosti znacajki, pogotovo u sluc¢aju predobrade metodom promjene frekvencije. Navedeno u
potpunosti odgovara postavljenoj hipotezi: pomicanje spektra zvuka otkucaja srca fetusa prema
viSim frekvencijama pobudilo je viSe nelinearnih psihoakustickih pojaseva u odnosu na
originalnu, nepomaknutu verziju. Nadalje, nesavrSena rekonstrukcija signala kao posljedica
koriStenja faznog vokodera s visokim faktorom promjene frekvencije omogucila je pristup

novim, skrivenim informacijama u signalu.



Empirijska dekompozicija modova se takoder pokazala kao korisna metoda, pogotovo u sluc¢aju
snimljenih signala. Primjerice, rekurzivna eliminacija znacajki je izabrala 20 od 57 znacajki iz
skupa funkcija intrinzi¢nih modova, dok je kao relevantnim procijenila samo 11 od 57 znacajki
iz skupa staticki filtriranog signala. Rezultati na simuliranim signalima demonstrirali su nizu
vaznost znacajki, $to se moze objasniti umjetno dodanim Sumom iz raznih izvora, koji je

posljedi¢no doveo do neoptimalne konvergencije procesa prosijavanja.

U svrhu dodatne validacije pristupa, istrenirana su dva razli¢ita modela strojnog ucenja na
podacima: metoda potpornih vektora s kubnim kernelom i ansambl stabala odluke (Bagged
trees). Rezultati pokazuju da dodavanje znacajki iz podskupova funkcija intrinziénih modova i
signala pomaknute frekvencije uvelike povecavaju to¢nost, preciznost i opoziv istreniranih
modela. Primjerice, u sluaju metode potpornih vektora na snimljenim signalima, to¢nost
modela poraste sa 69% u slu¢aju znacajki iz podskupa staticki filtriranih signala, pa sve do 76%
kada se dodaju i ostale znacajke. Situacija je jo$ bolja za simulirane signale (odnos signal-Sum
od -24,4 dB): to¢nost poraste s 92% na 97% kada se znaCajkama staticki filtrirane verzije dodaju

ostali parametri.

Kao konacan zakljuc¢ak ovog istrazivanja moze se navesti veliki potencijal koristenja empirijske
dekompozicije modova i promjene frekvencije kao metoda predobrade te psihoakustickih
parametara kao znacajki u strojnom ucenju primijenjene na zvu¢nom signalu otkucaja srca
fetusa. Ovakav pristup otvara put prema mogucénosti uvodenja softverskih rjeSenja u realnom

vremenu koje bi sluzile kao dio sustava za dugoro¢no pracenje stanja fetusa.
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empirijska dekompozicija modova, psihoakustika, selekcija znacajki, zvuk srca fetusa, strojno

ucenje, promjena frekvencije, fetalna fonokardiografija
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Chapter 1

Introduction

1.1 Background

Fetal heart rate (FHR) monitoring is the most common procedure used to ascertain the health
and welfare of the fetus through the assessment of the rhythm and rate of its heartbeat,
principally in establishing fast diagnosis in the case of complications during pregnancy [1, 2].
Several techniques [3] are commonly used for non-invasive monitoring: cardiotocography
(CTG), Doppler echocardiography (FDE), fetal -electrocardiography (FECG), fetal
phonocardiography  (FPCG), fetal photo-plethysmography (FPPG) and fetal
magnetocardiography (FMCG). A comparison of their advantages and disadvantages can be

found in Table 1.1 [4, 5].

As the technological and medical breakthroughs in recent years aimed towards improving pre-
emptive and personalized healthcare through the Internet of Things (IoT) and wearable
technology are gaining an increasing amount of traction [6], studies concerning fetal healthcare
are continuously assessing the possibility of introducing remote and/or at-home monitoring,
even though the standards of care do not currently allow for that [7]. In any case, remote
monitoring has shown benefits in prenatal care, both in high risk [8, 9] and low risk [10]
pregnancies. Advances in electronics have also made possible the development of low-cost
devices with modern sensoric and communications capabilities [11]. For example, the general
and every-day usage of smartphone devices makes them a logical choice for remote monitoring,
especially since they have shown their capacity to be exploited as biomedical tools in

personalized healthcare monitoring [12, 13, 14].

Regarding clinical fetal health assessment, Doppler-based technologies have remained the most
widespread methods for monitoring fetal cardiac activities [15]. The usage of these devices at
home has never been recommended [16]: even though the precise correlation between the
amount of ultrasonic energy and the fetal well-being was never found, there are a number of
studies that have raised some concerns regarding the impact of long-term exposure on animals

[17, 18]. Additionally, it has been shown that thermal effects have a stronger impact on possible



fetal damage than non-thermal [19], with the recommendation of keeping the exposure “as low

as reasonably achievable”.

The aforementioned facts make fetal phonocardiography a very interesting candidate for remote
and long-term monitoring of fetal health as it is non-invasive and simple [20], with the
requirement for only a single probe during signal acquisition [21]. Additionally, the increased
sensitivity and usage of smartphone-embedded microphones in assessing cardiovascular
activity and respiratory and lung health [22] also open the question whether fetal

phonocardiography can be employed in extracting fetal heartbeat information.

Table 1.1. Non-invasive FHR techniques: advantages and limitations

Technique Advantages Limitations Energy type
Easy to use, focused source Not suitable for continuous )
FDE o o Ultrasonic
localization monitoring or home use
Suitable for long-term Strong fetal position and probe ]
FPPG ) ) Optical
recording, harmless separation dependency

Provides information on fetal ) )
Complex design requirements,
CTG heart signal and uterine Ultrasonic
difficult to interpret
contractions

No problems with impedance ] ) .
FMCG ] Large size, complex system design Magnetic
boundaries

Easy to use, suitable for long- . ) )
FECG o Complex design requirements Electrical
term monitoring

Easy to use, suitable for long- | Small signal-to-noise ratio, sensor )
FPCG o . Acoustic
term monitoring location dependency

1.2 Fetal phonocardiography

First reports of monitoring of the fetal heart sound signal can be traced back to the 17th century
[23], with little attention given to the process of listening (also called fetal auscultation) until
the early 1800s [24]. The most common instrument for auscultation at the time was the Pinard
stethoscope, a horn-like passive device that is placed on the woman’s abdomen on one side

while a general practitioner listens from the other side. The device itself is still being used in



developing countries and low-tech environments [25], even though it suffers from various

drawbacks, spanning from long training time for practitioners to fairly subjective read-outs.

With the emergence of electronic devices, fetal phonocardiography as a way of capturing and
recording fetal heartbeat sounds could be employed to give a more objective assessment of the
signal [26]. It can give some critical information regarding the fetal health, as well as detect
heart murmurs, extrasystole, split effect, intrauterine growth retardation and other abnormalities
that cannot be detected through other techniques [27, 21]. However, the method itself suffers
from various drawbacks. The fetal heartbeat signal is very weak as the heart is not fully
developed, making the acquisition challenging [27]. Additionally, the acoustic environment of
the fetal heart sound incorporates a number of noise sources, reducing the signal-to-noise ratio
(SNR) by a substantial amount [28]. The acoustic signal corrupted by noise then moves through
a rather complicated arrangement of acoustic layers, each of them attenuating the sound energy

by reflecting it on the boundaries with mismatched acoustic impedances [29].
1.3 Fetal heart sound signal

The sounds of a fetal heart are produced by the movement and reshaping of the heart muscles
during a cardiac cycle, including the actions of the myocardium and the motion of valve cusps
that control the flow of blood [30]. The details on the temporal and spectral content of the fetal
heart sounds are well established [31]. A healthy adult heart produces 4 sounds; however the
3rd and 4th heart sounds are considered almost undetectable in a fetus [29]. The two present
fetal heart sounds can be found in the lowest segment of the audible spectrum: the largest
amount of the fetal heart sound energy is positioned between 20 and 200 Hz [28]. The first heart
sound, labeled S1, is created by the asynchronous closure of mitral and tricuspid valves during
systole. The second heart sound, labeled S2, is a result of vibrations generated by asynchronous

closure of aortic and pulmonary valves during diastole [26, 30].

The range for heart rate in the case of a healthy fetus usually spans from 120 to 180 bpm, with
common accelerations and decelerations occurring both in short-term and long-term [32]. As
the structural defects of the heart are oftentimes reflected in the sounds and vibrations it
produces [33], the specific characteristics of the FPCG signal can be indicative of fetal health.
Besides determining FHR from the temporal distance between two adjacent S1 sounds

(interbeat interval), various signal characteristics of a fetal heart sound, such as bandwidth and



center frequencies of S1 and S2 sounds [30], can act as important variables in determining

cardiovascular conditions.

1.4 Known FPCG analysis methods

Table 1.2. Alternative analysis methods for FPCG signals

Analysis method

Characteristics

Hilbert transform [34]

A linear operator transforming the original signal into an analytic signal, a
complex-valued function without negative frequency components. Envelope
and instantaneous phase calculations are possible through combination with the

original function.

Wavelet transform [35, 36,
37]

A transformation with a window function which can be expanded or
compressed to capture both low frequency and high frequency components of

the signal. Used for denoising and analysis of non-stationary signals.

Matching pursuit [38]

A greedy algorithm providing sparse signal representation and projecting it
over a dictionary in order to find the best match. Used for decomposition and

identification of heart murmurs and S1 width.

Multibeat autocorrelation

[39]

A process of matching a phonocardiographic signal with the sliding window
containing multiple baseline fetal beats. It is robust to noise but dependent on

window size, with strong accelerations or decelerations decreasing accuracy.

(CFS) analysis [40]

Cycling frequency spectrum

Assuming heart sounds are dominant cyclic components at the heart rate in
adjacent fetal cardiac cycles. Detection of basic cycle frequency of the

sequence yields FHR.

Eigenvalue decomposition

[41, 42]

Requiring multichannel FPCG, where a matrix of eigenvalues and eigenvectors
is generated from the data. Extraction of fetal heart signal is possible through

channel-to-channel inter-correlations.

Rule-based extraction [43,

44]

Logic blocks generated from a series of expert-based rules concerning fetal

heart sound characteristics.

The decomposition of FPCG signals and extraction of important parameters are possible

through several analysis methods given in Table 1.2.

The research reported in [39] has shown the comparison of hit rates (ratio of the number of

detected beats and the missing ones estimated by baseline) for wavelet transform, matching



pursuit and multibeat autocorrelation. A combination of the aforementioned methods increased
the hit rate by 8.2% compared to utilization of a single method, however only in the case of
high levels of noise. In another work [40], a simulated dataset was used for the comparison
between CFS analysis, one rule-based method and one advanced combination of approaches
(wavelet denoising + rule-based system). The CFS analysis outperformed the other methods by
25.2% in the cases of very noisy signals (SNR < 20 dB) but performed worse in the case of high
SNR.

1.5 Structure of the thesis

The goals of this thesis are to:

1. Introduce empirical mode decomposition (EMD) and pitch (frequency) shifting (PS) as
preprocessing methods for FPCG signal.

2. Extract a set of objective and perceptual (psychoacoustic) features from the frequency

filtered signal, as well as signal versions processed by EMD and PS.

3. Employ machine learning principles, including feature ranking and importance, as well
as model training and validation, in order to assess the importance of EMD and PS in
classification of FPCG signals. Additionally, the impact of features based on

psychoacoustics is also evaluated.

The structure of the thesis closely follows the set goals by first explaining the used
preprocessing methods, data acquisition, as well as data cleaning, segmentation and feature
extraction mechanisms. Afterwards, the thesis moves to first displaying and then discussing the
results of employed machine learning processes utilized on two different datasets (one recorded

and one simulated). Finally, a comprehensive conclusion is given.



Chapter 2

Methodology

2.1 Empirical mode decomposition

Noisiness, nonstationarity and nonlinearity are innate characteristics of biomedical signals. In
comparison to time-frequency based decompositions that require beforehand fixed bases with
linearity assumption (such as wavelet or Fourier transform) [45], empirical mode
decomposition (EMD) breaks down the nonlinear and non-stationary biomedical signal into
intrinsic mode functions (IMFs) based on the local characteristic time scale of the data [46],
rendering it suitable for time-frequency domain analysis [45]. The applications of EMD for
enabling further insight into biomedical signals are well-known and include works such as the
denoising of respiratory signals [47], analysis of thoracic crackles [48] and
electroencephalographic (EEG) signals [49]. Furthermore, the method was already shown to be
appropriate for application on adult heart sound signals [50, 51]. This makes EMD a reasonable
choice for the analysis method in fetal heartbeat detection realized through machine learning,
as IMFs can highlight some hidden characteristics of the signal and thus increase the

dimensionality in the classification process.

EMD can expose p