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Abstract 

This thesis focuses on the fetal electrocardiogram recorded transabdominally. This method could 

become very efficient and essential tool in monitoring and diagnosing endangered fetuses during 

the pregnancy and the delivery. The greatest challenge connected with this kind of monitoring is 

the amount of noise that is recorded within the desired signal. This thesis aims at the use of 

adaptive methods for extracting fetal electrocardiogram from such abdominal signal. This thesis 

includes among others an extensive summary of this relatively new issue, classification and 

description of selected linear adaptive methods, and in particular, the design and the 

implementation of adaptive system for suppressing the ‚undesirable‘ maternal electrocardiogram. 

Key words 

Adaptive filtration, fetal electrocardiogram, gradient MSE adaptation filters, optimal recursive 

adaptation filters, hybrid extraction systems, Fetal Monitoring 

 

Abstrakt 

Tato práce se zaměřuje na fetální monitoraci pomocí elektrokardiogramu zaznamenaného 

neinvazivní transabdominální cestou. Tato metoda by se mohla stát velmi účinným a nezbytným 

nástrojem pro monitorování a diagnostiku plodu během těhotenství a porodu. Největší výzva 

spojená s tímto druhem monitorování je množství šumu, který je zaznamenán v požadovaném 

signálu. Tato práce se zaměřuje na využití adaptivních metod pro extrakci fetálního 

elektrokardiogramu z takovéhoto břišního signálu. Tato práce zahrnuje mimo jiné obsáhlé shrnutí 

této relativně nové problematiky, klasifikaci a popis vybraných lineárních adaptivních metod a 

zejména návrh a implementaci adaptivního systému pro potlačení „nežádoucího“ 

elektrokardiogramu matky. 

Klíčová slova 

Adaptivní filtrace, Fetální elektrokardiogram, Stochasticky gradientní adaptace, Rekurzivní 

deterministická optimální adaptace, Hybridní extrakční systém, Monitorace plodu 
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1 Introduction 

This chapter presents the background of the dissertation thesis along with the motivation and the main 

goals. The chapter also introduces the outline of the thesis corresponding to the solution of the 

individual challenges and goals of the dissertation. 

1.1 Background and Motivation 

Non-Invasive Fetal Electrocardiography (NI-fECG) is among the most promising methods for non-

invasive fetal monitoring. This technique records electrical potentials from the maternal abdomen that 

obtain both maternal and fetal component accompanied with a significant amount of noise. These signals 

overlap in time as well as frequency domain and thus the accurate extraction or morphological analysis 

of the fECG waveform is challenging [83]. However, the progress in electronics and signal processing 

methods make the fECG extraction possible and thus this method could be a useful monitoring tool in 

the clinical practice.  

This method may be much more effective in diagnosing fetal distress than currently most used methods 

of EFM, CTG, when advanced signal processing techniques are applied. The main reason is that the 

fECG signal carries valuable information, such as pathological states (myocardial ischemia, intrapartum 

hypoxia, or metabolic acidosis) manifesting as changes in the morphology of the fECG waveform, such 

as ST segment or QT interval, which cannot be accessed from the CTG traces because of the nature of 

its measurements. However, the signal recorded on the maternal abdomen is composed of a mixture of 

fetal ECG signal, maternal ECG and noise. In addition, the amplitude of the maternal signal is usually 

much stronger than the fetal one. Extraction of clinically relevant features from such signals is, therefore, 

a challenging task.  

This thesis provides a critical review of recent challenges and advances in signal processing techniques 

for NI-FECG extraction and analysis to improve the monitoring capabilities of NI-fECG. The thesis also 

introduces hybrid system for fECG signal extraction and discusses the practical issues and challenges, 

such as configuration of the measurement system, electrode placement, optimal system settings or 

preprocessing requirements. 

1.2 Historical Perspectives 

The invention of the stethoscope in 1819 enabled abdominal auscultation and discovery of the fetal heart 

sounds (fHS) first documented by Kergaradec in 1821. The early fetal monitoring was thus based on the 

intermittent observations of the fHS and calculation of the fetal heart rate (fHR), which has been used 

to diagnose fetal well-being ever since. Growing development of science and technology enabled 

introduction of the first fetal monitors based on phonocardiography in the mid-20th century [1]. 

However, these devices were not able to differentiate between the maternal and fetal heart sounds. This 

made the automated fHR determination nearly impossible [2].  

Fetal electrocardiography was first mentioned and described by Cremer in 1906. However, the first 

realistic the first attempts to monitor fHR continuously took place nearly 50 years later, in 1953 [3]. The 

following decade introduced several inventions that are an integral part of today's obstetrics including  

intrauterine catheter [4], fetal scalp electrode [5], or cancellation system [6]. These findings led to better 
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understanding of correlations between the fetal health state and the information obtained from the 

recorded biological signals, such as the fHR or uterine contractions.[7], [8]. Based on that in 1969, 

Huntingford and Pendleton published the first classification system to assess fetal well-being based on 

the changes of the fHR [9]. 

Finally, in late 1960s, the ultrasonic fetal cardiotocography (CTG)1, a non-invasive method for 

simultaneous fHR and uterine contractions monitoring, was introduced. Subsequently, this method was 

accepted by the medical community, entered the delivery rooms in 1968 with the first commercially 

available fetal monitor, The Hewlett-Packard 8020A. Nowadays, this Doppler-based method is 

considered as the most prevalent obstetrical procedure in developed countries [10], [11]. However, since 

its introduction, it has been facing great criticism and there is number of evidence that decreases its 

credibility [12], [13], [14], [48], and [15]. Several studies state that monitoring by means of CTG does 

not result in the reduction of undiagnosed fetal hypoxia or decrease of cerebral palsy according to [16] 

and [17]. According to Sartwelle [14], CTG monitoring is problematic, especially for the courtroom use 

due to its false-positive profile. The intra and extra-observer disagreement is also known problem in 

CTG tracing evaluation [49]. 

The number of C-sections performed is increasing through the whole World. In 2015, a total of 29.7 

million of the deliveries were ended by C-section, roughly twice that of 2000. The lowest caesarean 

section rate is in Europe in the Scandinavian countries and Iceland (around 15%), on the other end of 

the list, with more than 55% rate, are countries such Dominican Republic, Egypt or Brazil. Figure 1 

shows an example of the trend of the C-section rate (per 100 deliveries) and perinatal mortality ratio 

(per 1000 live births) in the United States of America and the Czech Republic between 1970 and 2016 

(based on [18], [19], [20], [21], [22], and [23]).  

 

 

Figure 1 : Cesarean rates and perinatal mortality in the United States and Czechia from 1965 to 2017, Cesarean section rates 

per 100 births (%), Perinatal mortality ratio per 1000 live births (definition 11: 20 weeks, through 7 days) based on [18], [19], 

[20], [21], [22], and [23]. 

 
1In English-speaking countries, particularly in the United States, the term used instead of CTG is electronic fetal 

monitoring (EFM), the name given in 1960s to describe this new technology. However, nowadays using this term 

may be misleading. Therefore in 2015, the consensus promoted by the International Federation of Gynecology and 

Obstetrics agreed that cardiotocography is the term that best describes this monitoring technique. 
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After the implementation of the CTG into the clinical practice, the decrease of the perinatal mortality 

rate was alarmingly steep for both countries until 1980s [48]. Some practical clinicians even noted the 

virtual disappearance of fetal death in labor [24]. At the same time, the C-section rate raised enormously. 

Several studies from that period ([25] – [30]) suggested that electronic monitoring was a factor 

responsible for significant rise of the C-sections, associated with financial and medical complications 

[31], [47]. According to the World Health Organization (WHO) statement on caesarean section rates 

[32], the ideal rate for C-sections is between 10- 5% (since  985). Moreover, WHO states “rates higher 

than 10% are not associated with reductions in maternal and newborn mortality rates”. Nevertheless, the 

C-section rate has been gradually increasing ever since with no impact on the perinatal mortality rate, 

reaching 31.9% and 26.9% in the US and the Czechia, respectively. 

On the other hand, some authors point out that introduction of the EFM is only one of the factors causing 

this rise [33], [34]. Among other reasons that complicate giving birth by natural means are: 

− increasing weight of the newborn, [35], [36]. 

− increasing maternal age – while in the 1990s women gave birth before reaching the age of 

25, nowadays the average is around 30 [37], [38]. 

− Change in the medical practices – nowadays, the means of the delivery is adjusted according 

to fetal position (e.g. breech delivery is an indication of C-section in most cases), maternal 

health status and the obstetric history, such as having a previous C-section [33], [34]. 
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2 Goals of Doctoral Dissertation 

This chapter describes the background of the author and the prior research, which revealed the 

challenges and issues to be solved herein. Based on that, five main goals of this doctoral thesis were set 

and will be introduced in the following subsections. 

2.1 Thesis Background and Outline 

The author investigated the possibilities of the electronic fetal monitoring, mainly fetal 

electrocardiography ([RK1] – [RK12], [RK16] – [RK25]) and fetal phonocardiography ([RK21] – 

[RK15], [RK26] – [RK34]). The monitoring using fECG seems as the most promising alternative of the 

modern electronic fetal monitoring – CTG. The objectives of the doctoral dissertation are focused on 

the problem of recording, processing and extraction of abdominal (i.e. non-invasive) fetal 

electrocardiogram (NI-fEKG) signal. The NI-fEKG is a carrier of valuable information that can help 

physicians diagnose the hypoxia2 during pregnancy and during delivery. Nowadays, only a small part 

of the large information potential of non-invasive abdominal fECG is used in clinical practice. In 

general, early and reliable determination of fetal hypoxia is a major challenge for current obstetrics. 

Fetal monitoring with existing non-invasive methods is not sufficiently accurate and conclusive. 

Physicians have raised demands for conceptually new solutions of diagnostic devices that can be used 

to develop new non-invasive diagnostic methods. Unfortunately, this type of monitoring is associated 

with a significant number of unwanted components that are sensed along with the useful signal (fetal 

ECG, fECG), such as maternal electrocardiogram (mECG) and other technical and biological artifacts. 

From the previously published authored and co-authored research results focused on advanced signal 

processing methods for non-invasive fetal electrocardiogram extraction, several directions have 

emerged which, in the author's opinion, have not yet been adequately resolved. This thesis consists of 

five main goals that can be summarized as follows: 

1) A comprehensive review of the advanced signal processing methods for NI-fECG extraction. 

2) Design and implementation of a new concept of adaptive extraction system. 

3) Evaluation of the proposed experimental extraction system and comparison of 

different approaches used in individual blocks of the extraction system. 

4) Optimization of parameter settings. 

5) Verification of the extractions system by experiments with data from clinical practice. 

The objectives of this thesis are systematically related to the author's diploma thesis [RK1] and reflect 

the research activities during her doctoral studies and a half-year internship at the University of Texas 

at Arlington, USA. The base of the doctoral dissertation is the author's scientific research activity 

oriented to various application areas of digital signal processing using advanced signal processing 

methods, such as biomedical signal processing ([RK1] – [RK37]), speech processing ([RK38] – 

[RK40]), telecommunications ([RK41] – [RK42]).  

The author tested various approaches differing in their degree of adaptability, required inputs or 

evaluation process. Figure 2 shows the block diagram illustrating the research activities and tested 

possibilities in the fetal monitoring forming the thesis outline and resulting in creation of the hybrid 

 
2 Hypoxia is a state of oxygen deficiency, a condition endangering life of the fetus and thus diagnostic criterion to 

terminate pregnancy by operative intervention – Caesarean section 
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systems for fECG extraction. After the initial review of the methods, author decided to further focus on 

the fetal electrocardiography and fetal phonocardiography for their ability to obtain the fetal heart rate 

variability and for their clinical and financial feasibility for continual fetal monitoring. After the series 

of tests [RK21] – [RK15], [RK26] – [RK34], fetal ECG was found more promising for the use in clinical 

practice. Further investigation was focused on selecting the most suitable extraction method, where the 

extraction system designed as combination of the adaptive and non-adaptive methods outperformed the 

extraction systems based on a single method [RK6], [RK7]. Various variations of the hybrid system 

were then tested using several previously tested methods that proved to be both efficient and cost 

effective [RK6]. This thesis introduces the optimization of the hybrid fECG extraction system. The data 

for evaluation differed for different phases of the research starting from artificial data [RK2], [RK9], 

[RK10], [RK21], [RK16], [RK20], [RK22], [RK25], following with the tests using the publicly available 

dataset [RK7], [RK3] and resulting in the acquisition of the data by the author [RK35]. 

 

Figure 2: The block diagram illustrating the thesis outline. 

2.2 Goal 1: Review of Advanced Methods for NI-fECG Signal Processing 

The first challenge and goal of the thesis was summarizing the current knowledge in the field of NI-

fECG monitoring. The author introduces a comprehensive review of the advanced signal processing 

methods for NI-fECG extraction which sums up the overview introduced in [RK6]. It includes following 

topics: 

a. an overview of the advances and current challenges in fetal monitoring, 

b. a thorough review of promising signal processing techniques for NI-FECG extraction,  

c. a detailed description of the open access databases in the field, 

d. highlight of the strengths and limitations of these techniques, 

e. list of the most important parameters for each technique and the corresponding optimal 

settings. 
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2.3 Goal 2: Design and Implementation of a New Concept of Adaptive Extraction 

System  

The thesis introduces a novel concept of the NI-fECG extraction using Abdominal Electrodes Sourced 

(AES) methods for extracting fECG from aECG with no need of an additional thoracic lead. The aim is 

estimating the maternal component from the abdominal leads so it can substitute the reference input of 

the adaptive system. In the previous research, the author used the merely adaptive extraction system; 

however, this approach was criticized by the reviewers since it is associated with the reference thoracic 

lead which increasing discomfort of the patient. Therefore, using AES methods that were investigated 

in subsequent research and combining it with efficient adaptive systems would be beneficial. This all is 

possible due to the progress in technology used in digital signal processing, in the initial phase of the 

research; such complicated systems would not be able to work in the online mode. The author will also 

focus on the possibilities of the implementation feasibility of the extraction system. 

2.4 Goal 3: Evaluation of the Proposed Experimental Extraction System  

The thesis provides an evaluation of the proposed extraction system and comparison of 

different approaches used in individual blocks of the extraction system: 

1) Maternal component estimation associated with different electrode placements: 

i. Independent Component Analysis, 

ii. Principal Component Analysis, 

2) Adaptive algorithms using this estimated maternal ECG signal as the reference input: 

iii. Algorithms with stochastic gradient adaptation (e.g. Least Mean Squares 

Algorithm, Normalized Least Mean Squares Algorithm), 

iv. Artificial neural network algorithms (e.g. Adaptive Linear Neuron, Many 

Adaptive linear neuron network architecture), 

v. Algorithms combining fuzzy systems and artificial neural networks (e.g. 

Adaptive Neuro-Fuzzy Inference System). 

2.5 Goal 4: Optimization of System Settings 

Optimization of parameter settings that have a major impact on the performance of individual adaptive 

systems. Some of the studies presented by the author dealt with the filter settings, however, since the 

reference input significantly differs, the optimal settings may vary, too. 

1) Least Mean Squares Algorithm – filter length M, convergence constant μ 

2) Recursive Least Squares Algorithm - filter length M, forget factor α and initialization value δ, 

a. Adaptive Linear Neuron – momentum, learning rate η, input space p, initial weights. 

b. Adaptive Neuro-Fuzzy Inference System – number of epochs, number of membership 

functions and type of membership function. 

2.6 Goal 5: Verification of the Extractions System 

Verification of the extractions system by experiments with data from clinical practice, which will be 

chosen according to the electrode placement that will be selected as optimal for the proposed hybrid 

extraction system. Following databases are publicly available: 
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1) Abdominal and Direct Fetal ECG Database (adfecgdb), 

2) Non-Invasive Fetal Electrocardiogram Database (NIFECGDB), 

3) The 2013 PhysioNet/Computing in Cardiology Challenge Database,  

4) Fetal ECG Synthetic Database (fecgsyndb), 

5) The Non-Invasive Fetal ECG Arrhythmia Database (NIFEADB). 

Based on optimization outcomes, specific recommendations could be formulated and established to 

enable clinicians to achieve the highest possible fECG signal quality. This achievement in turn could 

lead to developing new diagnostic and detection methods for accurate determination of the occurrence 

of dangerous fetal hypoxic conditions during labor and delivery in a noninvasive and timely manner. 

Nowadays, the non-invasive systems are only able to determine the fetal heart rate. The invasive 

monitoring can perform morphological analysis (ST analysis, STAN) which improves the reading of the 

fHR. The novel approach introduced in this thesis could lead to the development of a new diagnostic 

method: non-invasive STAN (NI-STAN). 
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3 Review of Advanced Signal Processing Methods in Fetal Monitoring 

This chapter introduces the review of state-of-the art methods for continuous fetal monitoring, 

particularly the fetal electrocardiography, and the associated advanced signal processing techniques. 

These methods are described, and their advantages and limitations are highlighted. The chapter also 

summarizes the available open access databases and justifies the selection of some of them for the 

dataset used for the validation of the proposed algorithms. 

3.1 Current Methods of Continuous Electronic Fetal Monitoring 

Current continuous fetal surveillance is mainly focused on monitoring the changes of the heart rate 

variability (HRV) since its decrease correlates with increased mortality [39]. The analysis of the CTG 

tracings involves evaluation of basic CTG features, such as baseline, variability, accelerations, 

decelerations and uterine contractions defined by FIGO 2015 [40] as follows: 

1) Baseline fHR activity refers to the mean level of the maximal and minimal fHR values estimated 

over 10-minute periods. The baseline can be categorized as: 

a) Normal – values between 110 and 160 bpm, 

b) Tachycardia – values above 160 bpm for more than 10 minutes, 

c) Bradycardia – values below 110 bpm for more than 10 minutes. 

2) Variability is defined as fluctuations in the fHR signal estimated as the average bandwidth amplitude 

of the signal in one-minute segments (see examples in Figure 3). The short-term (or beat-to-beat) 

variability can be determined using the fECG signal. Based on the amplitude range, the variability 

can be categorized as: 

a) Absent variability – Amplitude range undetectable, 

b) Minimal – bandwidth amplitude < 5 bpm for more than 50 minutes in baseline segments, or 

more than 3 minutes during decelerations. 

c) Normal (Moderate) – bandwidth amplitude of 5 to 25 bpm, 

d) Increased variability – amplitude range > 25 bpm for more than 30 minutes. 

e) Sinusoidal pattern – a sine-type, regular and smooth waveform with a frequency of 2 to 5 

cycles/minute with bandwidth amplitude of 5 to 15 bpm. It is associated with high rates of 

fetal morbidity and mortality, occurs rarely [41]. 

 

Figure 3: Baseline fHR variability: a) Absent variability – amplitude range undetectable, b) minimal (HRV ≤ 5 bpm), c) 

moderate (6 ≤ HRV ˃ 25 bpm), d) marked (HRV ≥ 25 bpm), d) sinusoidal fHR pattern. 

3) Accelerations refer to abrupt (onset to peak < 30 s) increases in fHR above baseline (> 15 bpm) for 

more than 15 s but less than 10 minutes in duration. The duration of the acceleration is defined as 

the time from the initial change in fHR from the baseline to the time of return to the fHR to baseline. 

The presence of accelerations is frequently associated with fetal movements and thus denotes a fetus 

with no sign of hypoxia/acidosis. However, their absence during labour is of uncertain significance.  

a)

b)

c)

d)

e)
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4) Decelerations are defined as decreases in the fHR below the baseline (˂15 bpm) for more than 15 s. 

The decelerations can be categorized as: 

a) Episodic patterns are those not associated with uterine contractions.  

b) Periodic patterns are those associated with uterine contractions. 

i) Early deceleration – shallow, short-lasting, gradual decrease in fHR. The nadir (i.e. the 

lowest point) occurs with the peak of a contraction. They are probably caused by the fetal 

head compression and are not an indication of fetal hypoxia. 

ii) Late (U-shaped) Deceleration – gradual decrease in fHR with onset and/or gradual return. 

Onset occurs >20 seconds after the contraction onset, and the nadir occurs after the acme 

(i.e. the highest point of the contraction). 

iii) Variable (V-shaped) Deceleration – abrupt decrease in fHR of > 15 bpm with onset of 

deceleration to nadir ˂30 seconds. This deceleration lasts between 15 seconds and 2 

minutes.  

iv) Prolonged deceleration: A decrease in fHR of >15 bpm measured from the most recently 

determined baseline rate. This deceleration lasts more than 3 minutes and are likely to 

indicate hypoxemia. 

 

Figure 4: Illustration of the changes in fHR corresponding to uterine contractions. 

TABLE I.  CTG CLASSIFICATION CRITERIA AND INTERPRETATION 

Classification Baseline (bpm) Variability (bpm) Decelerations Interpretation 

Normal 110 – 160 5 – 25 No repetitive No action needed 

Suspicious 
100 – 110 

160 – 170 

˃25 with no acceleration 

<5 for >40 min 

Variable, ˃60 bpm for < 60s 

no pathological features 

Low probability of 

hypoxia/acidosis 

Pathological <100 

˃5 for >60 min 

increased for >30 min, 

or sinusoidal pattern for 

>30 min 

Repetitive late or prolonged 

during >30min or 20min if 

reduced variability  

or 1 prolonged with ˃5min 

High probability of 

hypoxia/acidosis 

Preterminal Absent variability, no reactivity*, with/without deceleration or bradycardia. 
Immediate action 

needed 

* Reactivity is an increase of the fHR baseline of 15 bpm for more than 15 seconds, twice in a 20-minute period.  

Late  eceleration

Variable  eceleration

Contractions

Early  eceleration

Aceleration

Nadir

Nadir
Onset Recovery

Onset Rec.

Onset

A A

Onset Rec.

Nadir
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3.1.1 Cardiotocography 

Cardiotocography (CTG) is the most commonly used form of electronic monitoring of the fetal health 

status. The device contains two sensors to obtain information about the fetal heart rate (cardio) and the 

uterine contractions (toco). 

1) Fetal heart rate monitoring – external fHR monitoring uses Doppler-based transducer which is able 

detect the movement of fetal cardiac structures. Due to the multiphase nature of the reflected 

ultrasound wave the obtained signal requires modulation and autocorrelation to ensure the fHR 

recordings of sufficient quality. However, this leads to significant averaging of the instantaneous 

fHR values. Therefore, contrary to internal fHR monitoring, the resulting fHR is only an 

approximation of the true fHR which makes it challenging to evaluate the short-term variability. 

2) Uterine contractions monitoring – external monitoring of uterine contractions using 

tocodynamometer can only extract reliable information regarding the frequency of the contractions 

since it is highly sensitive to the sensor placement and the tension applied to the supporting belts. If 

the tension is inadequately low, the contractions are not registered properly. 

The technique a great amount of drawbacks including high demands on the physician’s skills and 

experiences in positioning the transducers, sensitivity to both fetal and maternal motion, and 

significantly decreased sensitivity in case of high BMI (Body Mass Index) patients [12], [13]. Moreover, 

since both sensors are attached to the maternal abdomen by means of elastic belts, maternal mobility is 

limited which is inconvenient especially during the labor. Pulsations of the maternal aorta may be 

detected and erroneously counted leading to misinterpretation of the fHR by mHR such as in case of 

signal ambiguity [42]. 

 

Figure 5: Illustration of the CTG traces acquisition and principle of the fHR determination in comparison with the fECG 

obtained using the internal monitoring. Left: Determination of beat-to-beat interval from the Doppler waveform envelope using 

peak detection method: the resulting durations of the intervals vary based on selected cardiac cycle event, such as atrial wall 

contraction (Atc), mitral valve opening and closure (Mo and Mc), and aortic valve opening and closure (Ao and Ac). The 

resulting fHR trace is only a rough estimate of the true fHR that can be obtained using internal fECG monitoring. Right: An 

example of the CTG measurement and resulting fHR and uterine contraction traces.  
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3.1.2 Fetal Echocardiography 

Echocardiography is a method based on Doppler ultrasound used in the second trimester (between 20 

and 21 weeks of gestation) for detailed evaluation of fetal cardiac anatomy and diagnosing severe fetal 

disorders. The fetus is monitored systematically and in detail, with a focus on the occurrence of 

congenital developmental defects, especially serious fetal heart defects. Prenatal echocardiography was 

used as the reference method to validate NI-fECG as a method diagnose fetal arrhythmias by 

Behar et al. [43]. 

3.1.3 Fetal Phonocardiography 

Fetal phonocardiography is a method based on capturing the fetal heart sounds. The first devices for the 

electronic fetal monitoring included the sensors able to capture the fPCG signal. However, the with the 

improvement of the doppler-based methods and the associated signal processing (such as autocorrelation 

and averaging techniques), the fPCG recording was not essential due to its low accuracy. Nonetheless, 

fPCG has started attracting the attention in the recent years. With modern techniques that allow more 

effective sensing, processing, and analysis of the acoustic signal, it became possible to obtain high-

quality fPCG signal and investigate it in more detail. When more advanced signal processing applied, 

fPCG can be-come an important tool for non-invasive fetal monitoring. 

The heart signal can be captured by simple equipment such as medical stethoscope and recorded by 

microphone without need of specific medical monitoring tools. It is thus a feasible method for homecare 

or more low-cost method in less developed countries. 

The method has still several drawbacks, such as its sensitivity to the acoustic noise. Moreover, the 

acoustic sensor placement plays a crucial role in fPCG monitoring. The sensor should be places as close 

to the fetal heart as possible to obtain high quality signal, which is challenging especially in the earlier 

stages of pregnancy. 

3.1.4 Fetal Magnetocardiography 

The fetal magnetocardiography (fMCG) is rather experimental non-invasive method which aims to 

register and analyze magnetic fields of the fetal heart using biomagnetometer. The advantage of this 

method is the quality of the signals due to absence of biological noise – the propagation of magnetic 

fields is relatively undisturbed by surrounding tissue.  

Contrary to fECG monitoring, the higher signal-to-noise ratio allows this method to be efficiently used 

in the earlier stages of pregnancy (during the second trimester) and enables the morphological and heart 

rate variability analysis. One of its possible uses is diagnosing the heart rhythm disorders (fetal 

arrhythmias) by detecting its most prevalent forms, such as supraventricular and ventricular ectopies, 

atrial flutter, atrio-ventricular block, or atrial tachycardia [44]. Nevertheless, this method is not used in 

the clinical practice for economical and practical reasons. Tt requires expensive equipment, specific 

shielding, and skilled technical support. 

3.1.5 Fetal Electrocardiography 

Fetal Electrocardiography (fECG) is one of the most promising methods in terms of replacing 

conventional monitoring methods using CTG [45], [46]. The fetal well-being can be assessed based on 

the clinical information extracted from electric potentials sensed by means of electrodes placed on the 
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maternal body (non-invasive method) or directly on the fetal scalp (invasive fECG monitoring). The 

fetal heart rate is calculated from the detected RR intervals and thus this method is able to monitor beat-

to-beat heart rate variability more accurately [52]. Moreover, both mother and fetus are not exposed to 

any kind of radiation. Moreover, uterine contractions can be monitored by sensing the electrical activity 

on the maternal abdomen [53]. This method is known as electrohysterography and according [54], it has 

a great potential for uterine activity monitoring. Therefore, NI-fECG is theoretically capable to fully 

replace the conventional monitoring by means of CTG [55]. 

In the last decade, the first commercially available devices based on NI-fECG were approved by FDA 

(Food and Drug Administration), namely the Monica AN24 (2012) and Monica Novii Wireless Patch 

System (2014) from Monica Healthcare Ltd., MERIDIAN M110 Fetal Monitoring System (2017) from 

MindChild Medical, Inc., and PUREtrace (2017) from Nemo Healthcare. Moreover, in October 2018, 

the latter company released Nemo Fetal Monitoring System, which is CE certified and is now available 

for commercial sale and clinical use in Europe. The devices differ in the deployment and the number of 

electrodes they use. While the first FDA approved device Monica AN24 used five individual electrodes 

(4 sensing, 1 common electrode), the latter NI-fECG devices utilize a disposable patch system, which 

incorporates the electrode areas able to record both ECG and EMG signals. This approach offers simple 

electrode placement and operation and thus requires minimal training of the medical staff, which 

simplifies the clinical use. Additionally, both Monica Healthcare devices and Nemo Fetal Monitoring 

Systems are wireless, therefore allowing women to sleep, change position and move freely. 

The NI-fECG monitoring suffers from high amount of interference and artifacts that are being sensed 

with the signal of interest. Since maternal electrocardiogram (mECG) covers almost the same interval 

in the frequency spectrum as the fECG, it is not a trivial task to separate them in the frequency domain 

[56]. Thus, advanced signal processing methods are necessary. Number of researchers have been 

focusing on finding the best method for fECG signal extraction; however, none of them were able to 

fully recover fECG waveform from the mixture signal recorded on the abdomen.  

There are some practical issues that need to be kept in mind when monitoring the fetus using NI-fECG. 

Although the fetal heart can be heard without amplification and recorded using NI-fECG as soon as 20 

weeks of gestation, the commercially available devices, such as Monica Novii Wireless Patch System, 

are indicated for use on women who are at >36 completed weeks (37.0). One of the reasons is creation 

of vernix caseosa, which forms between 28 and 32 weeks of gestation, see Figure 6 [57]. In this period, 

it surrounds the fetus fully and then starts dissolving until the end of 37th or 38th weeks of gestation [58].  

Before and after this period, an electrically homogeneous model can describe the conduction in the 

pregnant woman body (so called, volume conductor), [60]. However, during this period, it effects the 

effectiveness of NI-fECG recording. In [88], the authors investigated the asymmetric modeling of vernix 

caseosa and the impact on NI-fECG signal processing. Their simulations showed that volume conductor 

asymmetry results in significant changes in fECG waveform amplitude and morphology (over 70% error 

in the observed T/QRS ratio). Therefore, this method is clinically more attractive to be used during the 

later stages of the pregnancy, especially during the labor [99]. 
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Figure 6 : Fetal development process. 

3.2 Summary of the Methods and Future Directions 

All of the currently used monitoring techniques utilize fHR as the main parameter to assess the fetal 

health state during the labor. However, CTG is only able to monitor the estimated fHR over a certain 

period, contrary to other methods (fECG, fPCG, fMCG) which allow a more precise monitoring of the 

fetal heart rate variability. This is a significant benefit over the conventional monitoring, where this 

information is lost and thus a part of diagnostically important information remains hidden [52]. 

Fetal echocardiogram and magnetocardiography are relatively new approaches of refining the diagnostic 

of heart rhythm disorders, enabling the analysis of myocardial (T wave) repolarization. These methods 

are not used in routine practice [44]. 

TABLE II.  COMPARISON OD THE STATE-OF-THE-ART FETAL MONITORING METHODS 

Parameters CTG fECHO fMCG fPCG fECG 

fHR, mHR Yes Yes Yes Yes Yes 

SNR Low High High Low Medium 

Mobility No* No No No Yes 

Clinical feasibility High Medium Low Medium High 

Costs Medium High High Low Medium 

Morphological analysis No No Yes No Yes 

Week of pregnancy 30 20+ 14+ 20+ 20+ 

*Applies for most CTG devices used in clinical practice although there are remote CTG (telemetry) systems available [40]. 

The future of the prenatal diagnostic relies on the early detection of the cardiac defects. Since fECG 

waveform cannot be obtained during the current routine examination, prenatal diagnosis of heart rhythm 

disorder is rare or impossible. The only option to analyze the morphology of the fECG waveform is by 

means of invasive monitoring. The morphological analysis of the fECG waveform was first enabled by 

a Swedish company Noeventa Medical which introduced an innovative STAN S31, the device that 

measures the fECG by attaching bipolar spiral electrode (fetal scalp electrode, FSE). Its analysis tool 
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then traces the changes in individual elements of the ECG waveform such as P wave, QRS complex, 

and T wave. The ST analysis can be performed using the acquired ST segment and T:QRS ratio. The 

main drawbacks of this method are the necessity for membrane rupture and uterine invasion so it can be 

only performed during the labor. For these reasons, the method is often criticized, and its benefits are 

questioned [69], [50]. Therefore, a non-invasive alternative would be greatly welcomed. Enabling NI-

fECG morphological analysis could open new diagnostic possibilities now only available in adults 

medicine:  

• In adults’ ECG monitoring the ST segment deviation is used to diagnose myocardial ischemia 

[75]. The invasive ST analysis used in STAN S31 classifies biphasic ST segments, which 

indicate the severity of the hypoxia. The NI-STAN is feasible, which was manifested for 

example in [73], where the authors compared the fHR and ST change acquired using FSE data 

with those recorded non-invasively and found the outputs equal. 

• QT segment reflects ventricular repolarization. QT-interval shortening is associated with 

intrapartum hypoxia and metabolic acidosis [76]. Long QT syndrome leads to life-threatening 

ventricular dysrhythmias and may end as a sudden cardiac death [77], [78]. A long QT interval 

can be inferred from sinus bradycardia (fHR around 100 bpm) and second-degree 

atrioventricular block for enormous prolongation of repolarization [79]. Extreme prolongation 

of refractory period during prolonged relaxation can be documented using echocardiography as 

abnormal filling of the left ventricle – shortened deceleration time or short phase of passive 

filling of the left ventricle [80]. 

• Resolution of the mechanisms behind fetal arrhythmias leading to bradycardia, such as fetal 

atrioventricular block [81]. The feasibility of the NI-fECG as a supplementary method to 

diagnose the fetal arrhythmias was demonstrated. However, as pointed out in [43], the quality 

of the fEC  extraction and P‐wave reconstruction algorithms are critical for the efficiency of 

the method. 

3.3 Material and Methods 

In case of designing and testing a new signal processing method, the researcher must be able to provide 

an assessment of its performance. In the following subsections, the author introduces the most common 

available methods for filtration quality assessment applicable on synthetic or real data and the available 

fECG signal databases. 

3.3.1 Available Fetal ECG Signal Databases 

Contrary to adults’ EC  research, the research community focused on non-invasive fetal ECG signal 

processing suffers from lack of open access databases for the evaluation of the algorithms. Therefore, 

each of the available databases includes different data and it makes an objective evaluation nearly 

impossible. Some authors introduced synthetic signal generators to produce data for their experiments 

[85], [86], [87], however, the results obtained using artificial test signals often differ from those 

performed on signals from clinical practice. 

Table 1 summarizes the open access databases which can be described as follows:  

1) Database for the Identification of Systems (DaISy) was among the first databases that aimed to 

increase the reproducibility of the science papers and included data from various categories. The fetal 
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recordings are included in the Biomedical Systems section and entitled as “Cutaneous potential 

recordings of a pregnant woman”. It consists of five abdominal and three thoracic channels from a 

single subject, with duration of 10 s sampled at 250 Hz. This dataset has many limitations: it includes 

the recording of only one fetus, the sampling frequency is low, the NI-FECG is easy to separate and the 

length of the segments is insufficient. For this reason and given the newly available open access data, it 

is not recommended to use this database anymore. 

2) Abdominal and Direct Fetal ECG Database (adfecgdb) [92] includes in total 5 recordings from 

5 different subjects in labor (38–41 weeks of gestation) recorded using the KOMPOREL fetal 

monitoring system (ITAM, Zabrze, Poland). Each record includes four abdominal signals and one FSE 

signal, which served as the reference for fQRS annotations. The length of each signal is 5 minutes. The 

one unique advantage of this database is that it has the reference scalp ECG available. 

3) Non-Invasive Fetal Electrocardiogram Database (NIFECGDB) contains a series of 55 

recordings from a single subject (21 to 40 weeks of pregnancy). Each record includes four abdominal 

and two thoracic signals of variable length sampled at 1kHz [95]. The electrode positioning was not 

constant but varied in order to improve SNR. 

4) The 2013 PhysioNet/Computing in Cardiology Challenge Database is a dataset consisting of 

one-minute recordings sampled at 1 kHz that was made available for the purpose of ‘The 

PhysioNet/Computing in Cardiology Challenge 2013’. Each recording included four abdominal signals. 

In total of 447 min of data were contributed by different institutions and divided into two Sets: Set A 

and Set B. Contrary to the training set A, Test (validation) Set B has restricted access to the reference 

annotations so it is not available for public [83]. Moreover, it should be noted that this dataset has some 

drawbacks: the length of each record is only 1 minute; there is more than one source of the data (both 

synthetic and real), which are not described in detail which makes the results less transparent; finally, it 

does not include the thoracic leads, so it cannot be used to evaluate all kinds of extraction systems. 

5) Fetal ECG Synthetic Database (fecgsyndb) includes synthetic signals generated by means of 

fecgsyn simulator by Behar et al [86]. The dataset contains in total of 1750 synthetic fECG signals 

corresponding to 10 simulated pregnancies (subjects) with different configurations of noise and artifacts. 

Moreover, the database contains the reference thoracic and noise signals [94].  

6) The Non-Invasive Fetal ECG Arrhythmia Database (NIFEADB) provides a series of recordings 

of 26 fetuses, 12 arrhythmic and 14 normal according to fetal echocardiography used as reference 

diagnostic method. Each recording includes set of four or five abdominal channels and one chest 

maternal channel sampled at 500 Hz or 1 kHz. The average length of a NI-ECG record is 13 minutes 3 

seconds and 10 minutes 3 and 6 seconds for the cases with arrhythmic and normal rhythm, 

respectively [43].  
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TABLE III.  EXISTING PUBLICLY AVAILABLE DATABASES OF NI-FECG RECORDINGS. 

 
Average  

duration 

Fs 

(Hz) 

Number of 

recordings 
Signals 

Reference  

R peak 

annotations 

Number of 

fetuses 

DaISy  [90] 10 s 250 1 
5 aECGs,  

3 mECGs 
No 1 

ADFECGDB [92] 5 min 1000 5 
4 aECGs,  

1 FSE 
Yes 5 

Challenge  

Set A [83] 
1 min 1000 75 4 aECGs Yes unknown 

Challenge 

Set B [83] 
1 min 1000 100 4 aECGs No unknown 

FECGSYNDB [94] 1 min 1000 20 
4 aECGs, 

1 mECG 
Yes 10* 

NIFECGDB [95] variable 1000 55 
4 aECGs  

2 mECGs 
No 1 

NIFEADB [43] 
10 to 13 

minutes 
500 or 1000 26 

4 or 5 aECGs,  

1 mECGs 
No 26 

*synthetic signals, 10 simulated pregnancies 

aECGs – abdominal signals 

mECGs – thoracic (maternal) signals 

FSE – reference signals from fetal scalp electrode 

For the evaluation of algorithms proposed in this thesis, the author chose the signals from the adfecgdb. 

Thanks to the existing cooperation between the workplaces (VSB – Technical University of Ostrava, 

Czech Republic and ITAM, Zabrze, Poland), the dataset was extended on 7 more recordings, which are 

not publicly available. The database allows to test the ability of the algorithms to extract the fECG 

signals during the labor and allows a precise performance evaluation using the reference signal recorded 

by means of FSE. 

3.3.2 Evaluation Methods 

The synthetic data are being used for the initial stages of the research, where one needs to confirm the 

theoretical presumption that the designed algorithm is able to complete the task. The author used the 

synthetic data in [RK10], [RK9], [RK21], [RK20], [RK22], and [RK25] However, both the evaluation 

procedure and the results for real and synthetic data may differ, such as author proved in [RK20]. 

The evaluation of results using artificial data is effective since the true (or ideal) fECG signal is known 

and thus, it can be used as the reference (or gold standard) for the comparison with the output data. Such 

comparison can be assumed as accurate in terms of morphological assessment. Contrary, in case of the 

real data, such approach cannot be applied. The only way to measure the gold standard fECG signal is 

by means of fetal scalp electrode. However, this signal does not fully correspond to the fetal component 

in the composed abdominal signal since it changes its properties while spreading from the fetal heart 

towards the abdominal electrodes. Therefore, this signal is considered a strong reference for the fHR 

assessment and acceptable one for morphological parameters, sometimes denoted as a silver standard 
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[56]. Practically speaking, the morphological features being investigated (ST segments, QT intervals) 

in the FSE signal must be manually annotated by experts (ideally minimum of three [76]). 

For synthetic data, there are also other evaluating parameters available utilizing the ideal fECG signal 

that is available as a reference. These parameters include statistics such as Signal to Noise Ratio (SNR), 

Root-mean-square error (RMSE), or Percentage Root-Mean-Square Difference (PRD). Besides the 

benefit of more objective evaluation, the synthetic data allow modelling different stages of pregnancy, 

fetal position based on the fetal vectorcardiograph, and simulate the pathologic states. The artificial 

fECG signal generator introduced by and Martinek et al in [87] was used to carry out the initial 

experiments that were the base of this dissertation thesis. 

Despite the advantages synthetic data offer, they cannot replace thorough evaluation using real data. 

Moreover, in the evaluation for practical medical applications, it is necessary to prove the algorithms 

ability to recover the main clinical features used for fetal monitoring, such as the fHR, ST or QT 

intervals. There are different evaluation methods used among the NI-fECG literature. 

In the Challenge 2013, there were 91 open-source software entries submitted by 53 international teams 

and thus if needed to compare with those results, these scores should be included. However, as Behar 

mentioned in [84], these scoring mechanisms are not optimal. The scoring system in the fHR based 

events (E1 and E4) encounters constant fHR series so it does not reflect the rapid variations in fHR that 

are monitored in the clinical practice. Scores in the RR events (E2 and E5) are calculated from the 

differences between matched reference and test RR intervals using Physionet mxm function. However, 

inputting a constant time series can lead to better results than a partially faulty fQRS detection segment.  

Therefore, in this thesis, the evaluation will be carried out using more objective parameters such as 

Accuracy (Acc), Sensitivity (Se or S+), Positive Predictive Value (PPV), and their harmonic mean F1, 

defined by equations (1), (2), (3), and (4), respectively. These parameters are defined by the state of the 

detected fetal QRS complexes True positive (TP), False positive (FP), and False negative (FN), i.e. 

correctly identified, incorrectly detected (extra) QRS complexes, and missed QRS complexes. The 

parameters are defined as follows: 

𝐴𝑐𝑐 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (3.1) 

𝑆𝑒 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3.2) 

𝑃𝑃𝑉 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (3.3) 

𝐹1 = 2 ∙
𝑃𝑃𝑉 ∙ 𝑆𝑒

𝑃𝑃𝑉 + 𝑆𝑒
= 2 ∙

𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (3.4) 

3.4 State-of-the-Art Methods for fECG Signal Extraction 

In this thesis, the algorithms will be divided in two categories: algorithms that require only abdominal 

electrodes (Abdominal electrodes sourced (AES) methods) and algorithms that require both abdominal 

and chest electrodes (Combined source (CS) methods), as illustrated in Figure 7. This terminology was 

selected in order to reduce the confusion and incorrectness caused by different naming for these groups 

of algorithms. In some papers (such as [RK2], [RK9], [RK4], [96], [97]), AES methods are denoted as 
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Non-adaptive and CS methods as Adaptive. However, some AES methods show the ability to adapt to 

some extend (such as Kalman filter [102], [104], [106] or a Principle component analysis based template 

subtraction approach introduced in [123]).  

The AES methods require multiple inputs in order to perform well. Based on the implemented extraction 

system starting from 3 up to 32 input channels [101]. In terms of clinical feasibility, the number of 

channels should fall into interval between 8 and 16 to ensure a high quality extraction with preserving 

the comfort of the patient [102], [103]. 

Contrary, CS system including adaptive algorithm requires a minimum of one abdominal electrode 

accompanying the thoracic recording. Adaptive noise reduction is based on the theoretical assumption 

that abdominal and thoracic channels contain the same noise. Practically this is true for the mECG 

(which is considered as the main source of 'noise') but less accurate for electromyography noise, for 

example, which might be location dependent. Therefore, adaptive techniques are well suited for the 

maternal component cancellation, which is the main and most challenging contaminant in the abdominal 

mixture [103]. Finally, it is important to note that the efficacy of any method is highly dependent on the 

pre-processing and detection techniques employed. 

Combined source (CS) methods have been successfully used in reducing noise in variety of the 

applications such as noise reduction in speech signals or telecommunication [155]. These systems are 

effective in reducing the noise that can be identified and recorded and thus used as the reference input 

of the adaptive system. In case of the fECG signal, the signal considered as the noise is the maternal 

ECG, which can be recorded by means of electrode placed on the maternal thorax. This signal is assumed 

to contain only maternal component. It is important to note that the maternal component in the 

abdominal ECG (aECG) signal differs from the one recorded on the maternal thorax. It is delayed and 

attenuated and therefore it is impossible to simply subtract it from the aECG signal. An adaptive 

algorithm is able to estimate the maternal component contained in the aECG based on the given 

reference signal. By subtracting this estimated mECG signal, the estimated fECG signal can be obtained. 

The general limitation of this method for clinical practice is thus a need of additional breast electrode 

that can be discomforting for the patient. The quality of this additional signal also strongly influences 

the results of the fECG extraction. Additionally, the efficacy of these methods is significantly dependent 

on the configuration of the system [RK2]. The filter settings must be chosen carefully, since they have 

a significant impact on the results. However, the optimal setting may vary based on a number of factors 

such as gestation age, the position of the electrodes and the fetus [RK2]. 



Review of Advanced Signal Processing Methods in Fetal Monitoring 

 

30 

 

Figure 7 : Illustration of a multi-lead extraction system. The Combined Source (CS) Methods, are the systems requiring the 

thoracic lead to learn and adapt on the maternal ECG signal in order to subtract it from the composite aECG signal. Contrary 

Abdominal Electrode Sourced (AES) methods only use abdominal leads. 

3.4.1 Blind Source Separation Methods 

Using blind source separation (BSS) methods, fetal ECG is obtained by means of the estimation of 

independent sources for fetal cardiac bioelectric activity [96]. These methods are used to extract 

unobserved signals (sources). Sources are assumed to be statistically independent, from a known mixture 

of these signals [145].  

In fetal ECG processing, the set of n individual source signals 𝐬(𝑡) = (𝑠1(𝑡), 𝑠2(𝑡), … , 𝑠𝑛(𝑡))
𝑇
represents 

all electrical signals of the maternal body, such as mECG, fECG. These can be sensed by abdominal 

electrodes AE1 – AEn on the maternal body surface (observed aECG signals) and produce a set of m 

signals 𝐱(𝑡) = (𝑥1(𝑡), 𝑥2(𝑡), … , 𝑥𝑚(𝑡))
𝑇
 defined as 

 𝐱(𝑡) = 𝐀 ∙  𝐬(𝑡) (4.5) 

where 𝐀 = [𝑎𝑖𝑗] ∈ ℝ𝑚×𝑛 is the mixing matrix that models the mixing process; the entries are the 

attenuation that the source signals suffered from the transmission media. In most cases, such as in Figure 

8, the number of sources n equals number of sensors m. The input signals can be recovered using un-

mixing matrix B, where the output signals 𝐲(𝑡) = (𝑦1(𝑡), 𝑦2(𝑡), … , 𝑦𝑛(𝑡))
𝑇
 can be calculated as 

 𝐲(𝑡) = 𝐁 ∙  𝐱(𝑡) (4.6) 

where 𝐁 = [𝑏𝑖𝑗] ∈ ℝ𝑚×𝑛e is the un-mixing (transfer) matrix. It should be noted that the transfer 

coefficients are subject to a large uncertainty and all parameters differ from patient to patient [107]. 

Therefore, using BSS methods, we can only obtain a rough estimate of the signals.  

The BSS methods are divided into methods based on higher-order statistical information, e.g. 

independent component analysis (ICA) [RK2],  and methods based on second-order statistics, such as 

singular value decomposition [123], principal component analysis (PCA) [RK2] or semi-blind source 

separation method called periodic component analysis [147], [148]. 

 

estimated fEC CS
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Figure 8 : Basic flowchart of BSS problem in fECG signal processing. It should be noted that the individual source signals 

𝑠1 … 𝑠𝑛 cannot be measured directly. Using BSS methods, we can obtain estimates of these signals – outputs �̂�1 … �̂�𝑛. 

The performance of BSS based methods in extraction of fECG from the abdominal mixture depends on 

several factors such as the number of electrodes, noise, stationarity of the signal [153]. If the fECG 

extraction system is designed properly, the BSS algorithms can extract fECG with very good accuracy. 

The following parameters play a crucial role: 

1) Number of input channels. 

He et al., 2016 [154], developed Single Channel Blind Source Separation method for fECG 

extraction, however, most of the BSS-based techniques use multiple abdominal signals as the 

inputs to estimate the fECG component in the composed abdominal signal [149]. Contrary, 

[149] introduced a slightly different approach using thoracic ECG signal (estimated using PCA 

from the aECG signals) as the inputs to Multidimensional ICA algorithm along with the 

abdominal signals. The authors conclude that this approach increases the effectiveness of the 

method. 

ICA assumes that components are statistically independent and requires as much electrodes 

placed on maternal abdomen as the number of uncorrelated signal sources. Therefore, for 

fECG and mECG extraction from aECG, ICA requires a minimum of two electrodes. Some 

authors suggested, that the more electrodes, the better [101]. Andreotti et al in [94] introduced 

a pre-procession step based on eliminating the components with low energy (low eigenvalue) 

using a dimensionality reduction by mean of PCA. 

2) Number of output components 

PCA and ICA methods decompose the original signal into their source components. The PCA 

finds the principal components, i.e. the statistically most significant components in the input 

signal. The first principal component has the largest possible variance and thus, in terms of 

abdominal input signals, corresponds to the maternal component [107]. Contrary, ICA 

decomposes the signal into statistically independent components with no given order. In the 

case of fECG signal extraction, we need to reconstruct minimally two sources from the 

composed signal – mECG and fECG. However, there is also other noise sources included in 



Review of Advanced Signal Processing Methods in Fetal Monitoring 

 

32 

the input signal; therefore, it is recommended to use a minimum of three components for the 

analysis [RK2]. 

3) Norm of the iterative step  

Norm of the iterative step or convergence criterion is the distance between the previous sample 

and the current sample. The lower the value of the convergence criterion, the greater the 

accuracy, however, the greater the computational demands. The convergence criterion is 

normally set on 10-6. Any lower value set does not lead to significantly better results [RK2]. 

In most of the articles, the value of the iterative step is not published.  

The advantage of ICA is that it follows the blind identification approach and thus, no need of prior 

mQRS position is needed (such as in case of TS techniques). Moreover, in the fECG extraction, ICA 

has shown to be superior to PCA. The lower the ratio of the weak source to the strong source power, the 

lower the performance of the PCA [107]. Contrary, ICA directly aims at a correct reconstruction of the 

mixing matrix. The key factor for the ICA performance is the number of input channels to be able to 

reconstruct the different statistically independent source signals. The higher number, the more precise 

the method is, however, the higher the dimensionality and computational costs. 

3.4.2 LMS and RLS Algorithms 

The LMS filter was first introduced by Widrow and Hoff in 1960 and since then has been successfully 

used for a number of applications, mainly for the purpose of adaptive noise cancelling [155]. The aim 

is to minimize the mean square error between the filter output   and the desired signal y(n). Contrary, 

RLS algorithm minimizes the total squared error between those signals. Whereas LMS only considers 

the current error value to adapt its coefficients, the RLS algorithm considers also the previous samples. 

For fECG extraction, these algorithms were used for example in Swarnalatha (2010) in [156]. In this 

paper, the authors introduced a novel method called Multi-stage adaptive filtering. For fECG extraction, 

LMS-based algorithms (standard LMS and normalized LMS) and RLS algorithm were combined and 

the signal was filtered by the cascade connection of those algorithms. According to the authors, the most 

effective method for fECG extraction is using the combination of RLS and LMS algorithm. Another 

example of the LMS algorithm utilization in this field is introduced by Wu et. al. (2013) in [157]. Its 

effectiveness was enhanced by combining it with wavelet decomposition and the spatially selective 

noise filtration (SSNF) algorithm. 

However, these experiments were performed using synthetic data. Other works (for instance Behar in 

[103], Camps in [158], Kahankova in [RK20], and Martinek in [159]) have compared the performance 

using real data and showed that this method is not suitable for these purposes unless optimized. The 

optimization of the algorithms lays in choosing the most suitable filter settings. However, the optimal 

setting might vary through the pregnancy but also during a single recording. The factors influencing the 

filtration, and thus the choice of the parameters, include the gestation age [RK10], fetal position [159], 

electrode placement [RK2], [51], sampling rate, and so on. 

Many authors ([43], [103], [123], [158], [159], [160], [RK20], [RK2], RK12]) have been studying the 

optimization of the adaptive algorithms. It is important to note that the optimal adaptive system setting 

varies for individual patient based on various factors including fetal position, gestation age, or electrode 

placement  [RK2], [51]. According to the most of the available literature [103], [158], [RK20], [RK2], 
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the main parameters that need to be considered when designing an LMS or RLS-based extraction system 

are: 

1) Filter length 

Filter length (M) or filter order (N), where N=M-1, influences the number of coefficients, and the 

computational cost. Moreover, it is a function of the signal sampling frequency. Taking this in mind, the 

parameters should be adjusted in case the sampling frequency is to be changed. 

2) Step size  

Step Size or Convergence Coefficient µ is an important parameter for LMS-based algorithms. It 

controls the stability and convergence rate and thus, the value of the parameter should be chosen 

carefully. Setting a high value may result in obtaining a very fast optimal solution. However, it is more 

likely to obtain inaccurate estimates in the case of the occurrence of a large error in the direction of the 

gradient. Contrary, choosing a small value of µ guarantees high stability of convergence but at the same 

time, increases the inaccuracy of signal filtering in unsteady environments [RK2]. 

3) Forgetting Factor λ 

This parameter applies for RLS algorithm and defines the proportion of past values to be used for 

filter coefficient update calculation. Forgetting factor ranges from 0 to one, where the lower value of 

forgetting factor, the more RLS algorithm considers the recent data (forgets the past ones) and for λ  , 

all past data contribute equally. In the fECG signal processing literature, the forgetting factor is set in 

the range between 0.8 and 1 [103]. The results show that the closer to the value 1, the better [103], 

[RK2]. 

3.4.3 ADALINE 

ADALINE is an adaptive method for fECG extraction based on Adaptive Linear Network, also called 

Adaptive Linear Element (ADALINE). It utilizes neural networks adaptable to nonlinear time-varying 

properties of the ECG signal.   

The main parameters for ADALINE system and suggested settings according to [160], [162], and  

[RK25] are: 

1) Momentum, HIGH 

2) Learning rate, LOW 

3) Initial weights LOW 

Jia et. al. (2010) tested the method based on ADELINE for fECG extraction and provided improvement 

of the network structure which increases its performance [161]. The authors claim that the ADALINE-

based system achieves better results while using smaller quantity of data for fECG extraction in 

comparison with the conventional adaptive filtering. M. A. Hasan et al. (2009) utilized neural network 

which was designed by using the adaptive filtering approach, i.e. combination of ADALINE and the 

Tapped Delay Line [162].   

3.4.4 Adaptive Neuro-Fuzzy Inference System 

Adaptive Neuro-Fuzzy Inference System (ANFIS) represents one of the most popular hybrid neuron 

networks used for fECG elicitation. It is an adaptive network based on Sugeno fuzzy interference system 

implemented into five-layered forward artificial neuron network. This hybrid combination improves the 

ability of system to adapt on non-linearity and uncertainty. Elementary ANFIS structure includes two 

inputs and one output and utilizes a neuro-adaptive learning algorithm (hybrid or back propagation) to 
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determine the relationship between input and output data set. In case of fEC  extraction, system’s inputs 

are represented by mECG and aECG signals, while the output signal is the estimated mECG, which 

subsequently serves as a reference signal for fECG estimation. 

Numerous researches including [163], [164], [165], and [166] tuned ANFIS structure by Particle Swarm 

Optimization (PSO). Due to high number of researches using ANFIS tuned by PSO, this combination 

seems to be a golden standard in non-linear fECG extraction. Another possible combination is ANFIS 

and wavelets [127]. In 2010 [167], Swarnalath et al. tested three different filtering methods including 

basic ANFIS and two different combinations of ANFIS and wavelets. The wavelets were positioned 

before (pre-processing) or after (post-processing) ANFIS and compared with basic ANFIS structure. 

Research has shown that ANFIS in combination with wavelet in post-processing reached better quality 

of filtration.  In most of researches, FIS Takagi Sugeno Type 1 is used in ANFIS structure. Hajar 

Ahmadieh and Babak Mohammadzadeh [168] reached better results with FIS Takagi Sugeno Type 2 in 

environments with high uncertainty. Current research also involves ANFIS in telemetry systems. For 

example in [169], authors used Orthogonal Frequency Division Multiplexing (OFDM), ANFIS and 

Wavelet transformation for telemetry, where mECG and aECG signals are transmitted by OFDM 

techniques, then the ANFIS and wavelet transform are applied on received signals to extract fECG. 

The ANFIS-based fECG extraction system requires following parameters to be optimized: 

1) Number of epochs and membership functions 

The higher number of epochs and membership functions, the better. However, with high values, the 

extraction becomes extremely computationally demanding. Therefore, it is important to find a 

compromise between these two factors to achieve sufficient results in real time. 

2) Number of membership functions (rules) 

In [170], authors used 4 membership rules corresponding to 16 fuzzy rules, 53 nodes, 48 linear 

parameters, and 24 non-linear parameters. However, in the paper authors chose the parameter 

heuristically. More objective approach of the optimization is missing in the literature. 

3) Shape (Type) of the Membership function 

Different Types of membership functions can be used for fECG elicitation such as Bell Shape, 

Triangular, Gaussian or Trapeizoidal. According to [RK19], the best extraction is achieved using 

Gaussian or bell-shaped membership functions. 

3.4.5 Comparison of the fECG Extraction Methods 

The main drawback of the CS techniques is the need of additional chest electrode. Although it records 

maternal ECG directly, so there is a lower chance of signal misinterpretation, the efficiency is strongly 

affected by the quality of the thoracic signal. On the other hand, the performance of the BSS methods 

strongly correlates with the number of the input channels – the higher number of input channels, the 

more effective the fECG extraction. However, high number of input channels is not clinically or 

technically effective. It is therefore important to choose reasonably high number of output components. 

In case of fECG extraction, one should select minimum of two, ideally at least three, output components 

to ensure enquiring the fetal one [172]. The order of the outputs varies so one cannot be sure which 

output corresponds to which component, which makes automated detection based on ICA challenging. 
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Another factor worth mentioning is the system setting. Each kind of method has specific parameters that 

need to be selected based on the given purpose. It is important to note that the parameters may differ 

according to other factors such as sampling rate, electrode placement and combination, and so on. The 

optimal parameters can be found by heuristic methods (usually by manual search) or by the grid search. 

Another optimization method called the random search was introduced in [173]. This method 

significantly reduces the computational cost and performs similar or better than the grid search [173], 

[172]. Adaptive methods (such as LMS, RLS, ADALINE, and ANFIS) offer a relatively high 

performance if optimized and thus are a great example of to illustrate the system optimization issue.  

Table II shows the comparison of all investigated methods sorted by their categories. For each of them, 

the author provides their most significant strength and weakness, computational cost, overall 

performance of the fHR estimation, and the ability to provide fHR analysis. It also summarizes the 

setting parameters for a conventional sampling rate (1000 Hz) and electrode placement. Last column of 

the table provides the sources of codes to implement the fECG extraction system. It is obvious that each 

method has its own strengths and weaknesses and thus the most promising direction seems to be towards 

hybrid systems that combine multiple algorithms, as suggested in [84] and [156]. 

It is necessary ensure that the NI-fECG system is capable of continuous fetal monitoring. Therefore, 

algorithms should be both precise and have low computational costs to be able to function in real-time. 

Therefore, it is advantageous to combine the methods with low computational costs, such as BBS 

methods and the LMS or RLS algorithms. It is also important to note that most of the currently available 

techniques are only able to determine fetal heart rate. That is, on the other hand, the parameter that is 

currently monitored in the clinical practice using CTG. However, NI-fECG is capable to provide more 

clinical information associated with morphological analysis of the fECG waveform, as mentioned in 

section 2.3. Enabling fECG morphological analysis of clinically significant parameters (such as QT 

segment and ST level) could thus open new diagnostic possibilities (such as ST analysis and T:QRS 

ratio) now only applicable using the invasive method [178]. 

  



Review of Advanced Signal Processing Methods in Fetal Monitoring 

 

36 

TABLE IV.  DEFINITION OF THE MOST IMPORTANT PARAMETERS FOR FECG PROCESSING METHODS, CORRESPONDING OPTIMAL 

SETTINGS, AND LINKS FOR THE ALGORITHM SOURCE CODES AVAILABLE ONLINE. 

 Parameters Description 
Optimal 

Values 
Limitation 

Comp. 

Costs 
Performance Source 

BSS 

Input 

Output 

Iterations 

Number of input 

channels 

Number of 

outputs 

components 

Norm of the 

iterative step 

Minimally 2 

Minimally 2 

10-6 

NoE Medium Medium 

[RK4], 

[RK2], 

[RK9] 

LMS 
M/N 

μ 

Filter length / 

Filer order 

(N=M-1) 

Step size 

[1, 100] 

[0.001, 0.01] 
TE Low Medium 

[RK10], 

[RK20], 

[RK2] 

RLS 
λ 

M/N 

Forgetting factor 

Filter length / 

Filer order 

(N=M-1) 

[0.9, 1] 

[1, 100] 
TE Medium Medium 

[RK20], 

[RK2] 

WT 

Wavelet 

Threshold 

Level 

Wavelet base 

(family) 

Thresholding 

method 

Decomposition 

levels 

Db 

Adaptive 

Minimally 5 

Unprecise Low Low 

[RK23], 

[RK27], 

[RK33] 

ADALINE 

M 

η 

wi 

p 

Momentum 

Learning rate 

Initial weights 

Input space 

[0.5, 1] 

[0.001, 0.02] 

Small non-

zero 

[20, 30] 

TE Medium Medium [RK2] 

ANFIS 

Epochs 

Mf 

Shape 

Number of 

epochs 

Number 

membership 
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[10, 20] 
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TE High High [RK19] 

TE - Additional Thoracic electrode needed, effectiveness is influenced by the quality of this signal 

NoE – number of electrodes, signals from at least four electrodes recorded simultaneously are needed 
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3.5 Summary and System Design 

Based on all mentioned above, it can be concluded that both AES and CS methods have some strengths 

and limitations. Each is thus more suitable for different scenarios and types of signals. Based on the up-

to-date literature and authors experiments, it may be concluded that combining different techniques and 

creating hybrid systems for fECG extraction might be the most promising direction. Figure 9 shows the 

block diagram of the proposed extraction system consisting of the block for estimation of two input 

signals of the adaptive extraction block. The reference input of this block refers to the estimated maternal 

component (mECG*) while the primary input refers to the abdominal signal (aECG*) with enhanced 

fetal component and suppressed maternal component of the same morphology as the estimated mECG* 

signal. This approach increases performance of the adaptive extraction system compared to the case 

when reference mECG signal is recorded by means of chest electrode. 

 

Figure 9 : Block diagram with suggested hybrid system estimating maternal reference signal for the adaptive system using the 

CS methods (ICA) which consequently estimates the fECG signal. 

This system would have following benefits: 

1) The number of electrodes. This system no longer requires the thoracic electrode. Moreover, 

while we only estimate the maternal component (i.e. the most significant component in terms 

of magnitude) from the abdominal source signals, the number of inputs to achieve this is lower 

contrary to fetal component estimation as illustrated in [RK6]. 

2) Quality of the maternal reference. The main disadvantage of the adaptive methods is that the 

reference input must be of sufficient quality. In the clinical practice, the additional breast 

electrode discomforts the patient and the quality of such signal is often poor. Moreover, by 

estimating this signal directly from abdominal inputs, the reference may be more similar to the 

maternal signal that underwent dispersion and thus the adaptive algorithm may achieve higher 

performance. 

The following challenges need to be addressed: 

1) Maternal component estimation. Based on previous research ([RK4], [RK2], and [RK9]), there 

are two main approaches to estimate maternal component form the composite abdominal signal: 

ICA and PCA. These systems need to be compared for this task to find out which algorithm 

produces more suitable input for the adaptive system in the subsequent phase of the fECG 

extraction (see [RK3]). 
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2) Suitable electrode placement. An electrode placement is among the most crucial factor for the 

fECG monitoring. The deployment influences the morphology and the magnitude of the 

captured signals and affect the quality of the fECG extraction. Since there is a large gap between 

the magnitudes of the mECG and the fECG, a good separation can already be expected from 

merely PCA and ICA algorithms [RK3]. However, to ensure reproducible and high-quality 

extraction, one needs to select suitable electrode placement since the transfer vectors indicate 

how strongly the different electrodes capture each source signal. Thus, from this information, 

better measurement positions might be deduced for individual stages of pregnancy and fetal 

positions. 

3) Adaptive filter settings. As manifested in the previous chapters, the adaptive filters can achieve 

high efficacy when optimized. Each kind of adaptive algorithms is characterized by different 

parameters that need to be adjusted for the given purpose (see Table 3). Therefore, when 

designing the hybrid algorithms, the optimization of the parameters is a crucial step. 
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4 Mathematical Apparatus for Hybrid Extraction System Design 

The aim of this chapter is to provide the theoretical background and mathematical description of 

stochastic gradient adaptation, one of the basic approaches used in adaptive systems. The description 

is focused primarily on the least mean squares algorithm, which is the basic stochastic gradient descent 

method. Moreover, the mathematical description of the blind source separation methods is provided. 

This is a necessary step for design and implementation the novel concept of adaptive extraction system 

and thus directly associated with solving the Goal 2. 

4.1 Stochastic Gradient Methods 

For the digital signal processing of the time invariant systems, the fixed filters are sufficient. However, 

there are some applications that need to work in the environment that is changing over time, such as 

human body. In this case, it is necessary to design an adaptive filter, which is able to actively adapt to 

the variable signal of interest. 

Stochastic gradient descent, also known as incremental gradient descent, is an iterative method for 

optimizing a differentiable objective function, a stochastic approximation of gradient descent 

optimization [108]. It is called stochastic because samples are selected randomly (or shuffled) instead 

of as a single group (as in standard gradient descent) or in the order they appear in the training set. This 

kind of adaptive filters is based on the mean square error (MSE) theory [109], [110]. Stochastic approach 

requires large number of counts to compute statistics, this approach leads to the LMS algorithm, which 

is the basic representative of a stochastic gradient adaptation [111]. 

4.1.1 Finite Impulse Response Filter 

In digital signal processing, a finite impulse response (FIR) filter is a filter with impulse response of 

finite duration, i.e. it settles to zero in a finite time. Contrary, infinite impulse response (IIR) filters may 

have internal feedback and may continue to respond indefinitely. Currently, FIR filters are used as a 

basic element of modern adaptive systems, primarily due to their simple structure, easy implementation, 

and stability [114]. 

The impulse response of an Nth-order discrete-time FIR filter lasts exactly N + 1 samples, which 

correlates to the filter length 𝑀 (where 𝑀 = 𝑁 + 1), which denotes the number of coefficients of the 

FIR filter. Figure 1 shows the block diagram of a Nth-order linear FIR filter, where 𝐱(𝑛) =

[𝑥(𝑛 − 0), 𝑥(𝑛 − 1),… , 𝑥(𝑛 − 𝑁)] is the input signal of the filter, 𝑤𝑖 is the value of the filter coefficient 

at the ith instant for 0 ≤ 𝑖 ≤ 𝑁 of the filter weigh vector 𝐰 = [𝑤0, 𝑤1, … ,𝑤𝑁]. If the filter is a direct form 

of a FIR filter then 𝑤𝑖 is also the impulse response of the filter. The top part of the block scheme is the 

N-stage delay line with 𝑁 + 1 taps. Each unit delay is formed from a 𝑧−1 operator in Z-transform 

notation. The 𝑛 ≡ 𝑛 ∙ 𝑇S is the discrete time of each sample being processed, and 𝑦(𝑛) is the output 

signal of the filter. Output signal 𝑦(𝑛) of an Nth-order discrete-time FIR filter is defined as follows: 
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𝑦(𝑛) = 𝑤0 ∙ 𝑥(𝑛) + 𝑤1 ∙ 𝑥(𝑛 − 1) + ⋯+ 𝑤𝑁 ∙ 𝑥(𝑛 − 𝑁) 

(4.1) 

𝑦(𝑛) = ∑𝑤𝑖 ∙ 𝑥(𝑛 − 𝑖)

𝑁

𝑖=0

 

𝑦(𝑛) = ∑ 𝑤𝑖 ∙ 𝑥(𝑛 − 𝑖).

𝑁=𝑀−1

𝑖=0

 

The input signal vector𝐱(𝑛) can be defined as 

𝐱(𝑛) = [𝑥(𝑛)   𝑥(𝑛 − 1)   𝑥(𝑛 − 2)   ⋯    𝑥(𝑛 − 𝑁 − 1)   𝑥(𝑛 − 𝑁)]T. (4.1a) 

The FIR filters are defined by the values of their coefficients 𝑤𝑖 forming the weigh vector denoted as w⃗⃗⃗ , 

see eq. (1.2). This vector 𝐰 and the filter order 𝑁 = 𝑀 − 1 determine the performance of the designed 

FIR filter (for 𝑀 ∋ ℤ+ ∈ 𝑁). 

𝐰 = [𝑤0   𝑤1   𝑤2    ⋯   𝑤𝑁]T. (4.2) 

It can be noted that the filter output 𝑦(𝑛) in discrete time 𝑛 is determined by the sum of the products 

between the filter weight vector w⃗⃗⃗  and the 𝑁 time-delayed input values of vector x⃗ (𝑛). Therefore, it can 

be also expressed by Eq. 1.3 for 𝑥(𝑛) ∋ ℝ ∈ 𝑦(𝑛) for 𝑛 ∈ ℤ+. 

𝑦(𝑛) = 𝐰 ∙ 𝐱T(𝑛) = [𝑤0   𝑤1   𝑤2    ⋯   𝑤𝑁]T ∙

[
 
 
 
 

𝑥(𝑛)

𝑥(𝑛 − 1)

𝑥(𝑛 − 2)
⋮

𝑥(𝑛 − 𝑁)]
 
 
 
 

= 𝐰T ∙ 𝐱(𝑛). 

(4.3) 

𝑦(𝑛) = 𝐡 ∙ 𝐱(𝑛) = [ℎ0   ℎ1   ℎ2    ⋯   ℎ𝑁]T ∙

[
 
 
 
 

𝑥(𝑛)

𝑥(𝑛 − 1)

𝑥(𝑛 − 2)
⋮

𝑥(𝑛 − 𝑁)]
 
 
 
 

= 𝐡T ∙ 𝐰(𝑛). 

Equation (1.3) also shows that the individual weight coefficients of the filter weights 𝑤𝑖 form 

the weights of the resulting weighted average, moreover they correspond directly to the individual values 

ℎ𝑖 of the impulse characteristic. 

4.1.2 Wiener Filter 

In signal processing, the Wiener filter is a filter used to produce an estimate of a desired or target random 

process by linear time-invariant filtering of an observed noisy process, assuming known stationary 

signal and noise spectra, and additive noise. The Wiener filter minimizes the MSE between the estimated 

random process and the desired process [114]. 

The Wiener filter sets its coefficients 𝑤𝑖 in order to minimize the MSE between the estimated signal and 

the desired signal. In other words, it aims to estimate the output signal 𝑦(𝑛) as similar to the desired 

signal 𝑑(𝑛) as possible from the input signal 𝑥(𝑛) in the way that the error signal 𝑒(𝑛) is minimized: 

𝑒(𝑛) ≡ ℜ{�̂�(𝑛)} ≝ 𝑑(𝑛) − 𝑦(𝑛) = 𝑑(𝑛) − 𝐰 ∙ 𝐱T(𝑛). (4.4) 
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Finding the optimal estimates of the filter coefficients 𝑤𝑖 is a crucial part of the filtration process. These 

weighs can be estimated using the MSE, i.e. by means of the expected value of the squared error defined 

above. The cost function 𝜁 can be defined by the following equation (in ℝ). 

𝜁 = E{𝑒2(𝑛)} → min ∀𝑛 ∈ ℤ+ 

(4.5) 
𝜁 = E{[𝑑(𝑛) − 𝑦(𝑛)]2} 

𝜁 = E{𝑑2(𝑛) − 2 ∙ 𝑑(𝑛) ∙ 𝑦(𝑛) + 𝑦2(𝑛)} 

𝜁 = E{𝑑2(𝑛)} − 2 E{𝑑(𝑛) ∙ 𝐱T(𝑛)} ∙ 𝐰 + w⃗⃗⃗ TE{x⃗ (𝑛) ∙ 𝐱T(𝑛)}𝐰 

By substituting we get: 

𝜁𝜁 = E{𝑑2(𝑛)} − 2 ∙ p⃗ T ∙ 𝐰 + 𝐰T ∙ 𝐑xx ∙ 𝐰, (4.5a) 

where p⃗  is the cross-correlation vector and 𝐑xx is the square input autocorrelation matrix defined by 

equations 1.6 and 1.6a, respectively. 

p⃗ ≡ r 𝑑x = E[𝑑(𝑛) ∙ 𝐱(𝑛)] = [𝑝0   𝑝1   𝑝2    ⋯   𝑝𝑁]T. (4.6) 

𝐑xx = E[x⃗ (𝑛) ∙ 𝐱T(𝑛)] = [

𝑟0,0 𝑟0,1 ⋯ 𝑟0,(𝑁)

𝑟1,0 𝑟1,1 ⋯ 𝑟1,(𝑁)

⋮ ⋮ ⋮ ⋮
𝑟(𝑁),0 𝑟(𝑁),1 ⋯ 𝑟(𝑁),(𝑁)

]. (4.6a) 

The cross-correlation vector p⃗  is the set of correlations between the desired response and each of the 

components of the input x⃗ . The input autocorrelation matrix is expected output of the input x⃗  and the 

transposed 𝐱T. The elements on the main diagonal are the mean squared values of all the individual 

inputs, while the off-diagonal values of this matrix are the cross-correlations between the various inputs 

to the adaptive system.  

Additionally, it can be noticed that the MSE is the quadratic function of the weights 𝐰. The aim of the 

adaptation process is minimizing the MSE of the cost function 𝜁, which corresponds to the optimal 

weigh configuration w⃗⃗⃗ opt, sometimes called as Wiener solution (the best linear least square solution, 

illustrated in figure 3). 

 

Figure 10: Illustration of Wiener solution [118]. 
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2
�⃗⃗� opt 

𝒘𝟏 
𝒘𝟐 

𝜻 



Mathematical Apparatus for Hybrid Extraction System Design 

 

42 

Minimum of  𝜁 can be found by following the negative of the gradient ∇𝜁, which is defined as follows: 

∇𝜁 = [
𝜕𝜁

𝜕𝑤0

,
𝜕𝜁

𝜕𝑤1

, ⋯ ,
𝜕𝜁

𝜕𝑤𝑁

] (4.7) 

By finding the gradient in (1.7) and by modifying according to (1.5 – 1.6a), it is possible to find the 

optimal Wiener solution w⃗⃗⃗ opt as follows: 

∇𝜁 = 0⃗ . 

(4.8) 

𝜕𝜁

𝜕𝐰
=

𝜕

𝜕𝐰
{E[𝑑2(𝑛)] − 2 ∙ 𝐰 ∙ 𝐩 + 𝐰T ∙ 𝐑xx ∙ 𝐰} = 0⃗ . 

−2 ∙ 𝐩 + 2 ∙ 𝐑xx ∙ 𝐰 = 0⃗ . 

𝐰opt = 𝐑xx
−1 ∙ p⃗ . 

Let us note that the autocorrelation matrix must be regular in order to calculate the filter coefficients. 

That means that the determinant of this matrix must be nonzero. Moreover, it must satisfy the condition 

that the signal is stationary, otherwise the filter (and its coefficients) will not be time-invariant. 

4.1.3 Least Mean Squares Algorithm 

Let us now expand direct Nth order Wiener filter introduced in the previous chapter in order to obtain an 

algorithm capable of iterative change of the values of the weight vector w⃗⃗⃗ (𝑛) and impulse response 

h⃗ (𝑛) according to the equations (1.9) and (1.10), respectively, to minimize the values of the cost function 

𝜁(𝑛) defined in (1.5), applies in ℝ. 

𝐰(𝑛) = [𝑤0(𝑛)  𝑤1(𝑛)  𝑤2(𝑛)   ⋯   𝑤𝑁(𝑛)]T. (4.9) 

𝐡(𝑛) = [ℎ0(𝑛)  ℎ1(𝑛)  ℎ2(𝑛)   ⋯   ℎ𝑁(𝑛)]T. (4.10) 

The main difference between the non-adaptive filters introduced in figures 1 and 2 and the adaptive filter 

using the least mean squares (LMS) algorithm showed in figure 3 is whether it is able to change its 

properties, i.e. filter weights 𝐰(𝑛) and the impulse response 𝐡(𝑛). The non-adaptive filters remain the 

coefficients 𝑤𝑖  constant, however, the adaptive filter adjusts them according to the variable desired 

signal 𝑑(𝑛). The process of finding the optimal parameters (weigh coefficients) of the filter is solved 

using the cost (objective) function 𝜁(𝑛). 

 

Figure 11: Block diagram of a direct Nth-order FIR filter with LMS algorithm. 
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To derive the LMS algorithm, we use equation (1.8). The task will be addressed by minimizing the cost 

function 𝜁(𝑛) defined by (1.5) and (1.5a) using the MSE, which is the quadratic function of the space of 

filter coefficients w⃗⃗⃗⃗ (𝑛). The task is to find coefficients in the 𝑁 -dimensional space based on the solution 

of the minimization problem called minimizer or global minimizer. The value of 𝜁 corresponding to 

minimizer is the minimum, defined by equation (1.8). 

The first step in the LMS optimization process is choosing the initial estimate (see Figure 5) in the 

coefficient space (either randomly or based on the preliminary estimation). In the following iterative 

steps, the algorithm approaches the optimal point. If this process converges, the optimal point is reached 

or at least approached. To achieve the optimum (minimum of the cost function), the method of the 

steepest descent can be used, which can be defined, for example, using equation (1.11). In the ideal 

Steepest descend scenario, the next weigh vector w⃗⃗⃗ (𝑛 + 1) is calculated as a sum of the present weigh 

vector w⃗⃗⃗ (𝑛) and the negative gradient of the cost function −∇𝜁(𝑛) multiplied by the step size 𝜇.  

𝐰(𝑛 + 1) = 𝐰(𝑛) − 𝜇 ∙ ∇𝜁(𝑛). 
(4.11) 

=  𝐰(𝑛) − 𝜇 ∙ E[𝑒2(𝑛)], 

In figure 5, the red line corresponds to the optimal trajectory of the steepest descend, the black line 

illustrates the coefficient estimation by means of the LMS algorithm. It can be noted that the initial point 

of the optimization trajectory is determined by the initial estimate and it ends with the final (optimized) 

estimate 𝐏 = [𝑤opt,0,  𝑤opt,1]. 

The gradient of the cost function ∇𝜁(𝑛) in eq. (1.5) is defined by (1.7) and (1.8). This approach requires 

the knowledge of the gradient vector, which is the derivative of the MSE with respect to all the individual 

weights. However, in some situations this information is not available. Therefore, for practical 

applications, it is more suitable to use an estimate of the gradient vector. In 1959, Ted Hoff and Bernard 

Widrow discovered a revolutionary algorithm (Widrow-Hoff Least Mean Squares algorithm, [119]) 

using the single value of error from the single input pattern for the gradient estimate. 

 

Figure 12: Illustration of the coefficient optimization process. 

wopt, 

wopt, 

LMS algorithm

Isoline of the

Initial estimate

cost function

Trajectory of the
steepest descentw

 (
n
)

  

w (n)2
 



Mathematical Apparatus for Hybrid Extraction System Design 

 

44 

After substituting (1.5) into (1.11), we get (1.12), where the correlation and autocorrelation functions 

can be estimated from a single value. However, the functions will be loaded with a random error. Such 

a gradient is denoted as a stochastic gradient (herein ∇̂𝜁(𝑛)). This is a rough, but unsubstantiated 

estimate, which after a certain period converges to the same result as the mentioned gradient, i.e. ∇𝜁(𝑛) ≈

∇̂{𝜁(𝑛)}.  

  ∇̂𝜁(𝑛) =
𝜕{𝑒2(𝑛)}

𝜕{𝐰(𝑛)}
 

(4.12) 

=
𝜕{[𝑑(𝑛) − 𝐱 ∙ 𝐰T(𝑛)]2}

𝜕{𝐰(𝑛)}
 

= 2 ∙ 𝑒(𝑛)
𝜕{𝑑(𝑛) − 𝐱 ∙ 𝐰T(𝑛)}

𝜕{𝐰(𝑛)}
 

= 2 ∙ 𝑒(𝑛){−𝐱(𝑛)} 

= −2 ∙ 𝑒(𝑛) ∙ 𝐱(𝑛). 

After substituting the stochastic gradient defined in the equation (1.7) to the steepest descent algorithm 

defined in (1.6), we get the final iterative calculation of linear adaptive LMS algorithms according to 

the equation (1.13) for any 𝑛 ∈ ℝ.  

𝐰(𝑛 + 1) = 𝐰(𝑛) − 𝜇 ∙ ∇𝜁(𝑛), 

(4.13) w⃗⃗⃗ (𝑛 + 1) = 𝐰(𝑛) − 𝜇 ∙ (−2) ∙ 𝑒(𝑛) ∙ 𝐱(𝑛), 

w⃗⃗⃗ (𝑛 + 1) = 𝐰(𝑛) + 2 ∙ 𝜇 ∙ 𝑒(𝑛) ∙ 𝐱(𝑛), 

where 𝜇 is the convergence constant or the step size. This constant is important parameter influencing 

the convergence stability of the adaptive algorithm. Choosing the ‘optimal’ convergence constant in 

crucial for the correct functioning of the LMS algorithm. The following applies: 

• If the step size 𝜇 is too small, then the time needed to find the optimal solution (convergence 

time) is too long. However, small step size is required for small excess MSE.  

• If the step size 𝜇 is large, it adapts fast but may result in loss of stability resulting in inaccuracies. 

    

Figure 13: Illustration of optimal (left) and too large (right) step size influence on the convergence. When optimum learning 

rate set, the cost function converges to a global cost minimum. Contrary, when setting large learning rate, and the global 

minimum may be missed during the weight adjustments. 

4.1.4 Implementation of the LMS Algorithm  

Figure 5 shows the detailed block diagram of a direct Nth-order FIR filter with LMS algorithm. Each 

iteration of the LMS algorithm includes three different steps in the following order: 

 radient
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1) Calculates the output of the FIR filer 𝑦(𝑛) for every 𝑛 ∈ ℝ: 

𝑦(𝑛) = 𝐰T(𝑛) ∙ 𝐱(𝑛) = ∑𝑤𝑖(𝑛) ∙ 𝑥(𝑛 − 𝑖).

𝑁

𝑖=0

 (4.14) 

2) Calculates the error signal 𝑒(𝑛) for every 𝑛 ∈ ℝ as follows: 

𝑒(𝑛) = 𝑑(𝑛) − 𝑦(𝑛). (4.15) 

3) Finally, the weigh vector 𝐰(𝑛) of the corresponding FIR filter is updated with respect to the 

next iteration as follows: 

𝐰(𝑛 + 1) = 𝐰(𝑛) + 2 ∙ 𝜇 ∙ 𝑒(𝑛) ∙ 𝐱(𝑛). 

(4.16) 

𝐰(𝑛 + 1) = 𝐰(𝑛) + 𝑘𝜇 ∙ 𝑒(𝑛) ∙ 𝐱(𝑛). 

𝐰(𝑛 + 1) − 𝐰(𝑛) = 2 ∙ 𝜇 ∙ [𝑑(𝑛) − 𝑦(𝑛)] ∙ 𝐱(𝑛) = 

= 𝛿𝐡(𝑛) ∀𝑛 ∈ ℤ+. 

𝐡(𝑛 + 1) = 𝐡(𝑛) + 𝛿𝐡(𝑛) ∀𝑛 ∈ ℤ+. 

  

 

Figure 14: Detailed block diagram of a direct Nth-order FIR filter with LMS algorithm 

4.1.5 Sign-Error LMS 

It is also possible to update the current weight coefficients using the sign of the error instead of its actual 

value. This step decreases the computational complexity since less multiplications are required, 

however, may increase the steady state error which leads to decrease of the convergence rate. 
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𝐰(𝑛 + 1) = 𝐰(𝑛) + 2𝜇 ∙ 𝑠𝑖𝑔𝑛(𝑒(𝑛)) ∙ 𝐱(𝑛), 𝑠𝑖𝑔𝑛 [𝑒(𝑛)] = {

1, 𝑒(𝑛) > 0

0, 𝑒(𝑛) = 0

−1, 𝑒(𝑛) < 0

 (4.17) 

4.1.6 ADALINE 

ADALINE is a type of single-layer neural network rule (also known as the Widrow-Hoff rule) similar 

to conventional perceptron. The key difference between these two approaches is that the ADALINE 

weights are updated based on a linear activation function whereas the perceptron model utilizes a unit 

step function. The continuous valued output from the linear activation function is used to compute the 

model error and update the weights. Additionally, ADALINE can be used even if the learning samples 

are not linearly separable. 

A linear neural network has an input, output and a hidden layer. The output of the ADALINE hidden 

layer is obtained by applying the linear activation function. While the linear activation function is used 

for learning the weights, a threshold function is used to make the final prediction, which is similar to the 

unit step function. LMS algorithms is often used as part of ADALINE algorithm to find the weights that 

minimize the cost function. The original ADALINE device also included a threshold device with a 

signum activation function to create the binary output. 

𝑦(𝑛) = 𝐰T(𝑛) ∙ 𝐱(𝑛) + 𝜃, (4.18) 

where the 𝜃 equals 𝑤𝑜. The weights are updated as follows: 

𝐰(𝑛 + 1) = 𝐰(𝑛) + 𝜂 ∙ 𝑒(𝑛) ∙ 𝐱(𝑛), (4.19) 

where 𝜂 is the learning rate. This parameter should be selected rather small, so the cost function 

converges to the global minimum. Choosing a large value of the learning rate can cause a large error 

which and the global minimum gets missed during weight adjustments. The second parameter to be 

carefully selected is the input space p which defines the length of the input vector and the number of 

weights. 
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Figure 15: Block diagram illustrating adaptive linear neuron structure. 

4.2 Least Squares Methods 

This type of methods aims to reduce the MSE, contrary to LMS-based algorithms. Additionally, the 

input signals or the RLS-based algorithms are considered deterministic, while the inputs of the LMS-

based algorithms are considered stochastic. This subsection introduces a brief description of the 

mathematical apparatus for standard RLS algorithm and its derivation, the Fast Transversal RLS 

algorithm. The detailed derivation of both algorithms can be found in [115] and [116]. 

4.2.1 Recursive Least Squares Algorithm 

The filter weights of the standard RLS algorithm are updated as follows: 

𝐰(𝑛 + 1) = 𝐰T(𝑛) + 𝑒(𝑛)𝐤(𝑛), (4.20) 

𝐰(𝑛 + 1) = 𝐰(𝑛) − 𝜇 ∙ ∇{𝜁RLS(𝑛)} 

𝐰(𝑛 + 1) = 𝐰(𝑛) + 2 ∙ 𝜇 ∙ 𝑒(𝑛) ∙ 𝚲(𝑛) ∙ 𝐱(𝑛) 

 

𝐰(𝑛 + 1) = 𝐰(𝑛) − 𝜉(𝑛) ∙ 𝐤(𝑛)  

𝐰(𝑛 + 1) = 𝐰(𝑛) − 𝜉(𝑛) ∙ 𝐑xx
−1 ∙ 𝐱(𝑛)  

where 𝜉(𝑛) is the is the minimum least-squares prediction error defined as: 

𝜉(𝑛) = 𝑑(𝑛) − 𝐰T(𝑛 − 1) ∙ 𝐱(𝑛) (4.21) 

and 𝐤(𝑛) is the gain vector defined as:  
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𝐤(𝑛) =
𝐑xx

−1(𝑛)𝐱(𝑛)

𝜆 + 𝐱T(𝑛)𝐑xx
−1𝐱(𝑛)

 , (4.22) 

where 𝐑xx
−1(𝑛) is the inverse correlation matrix of the input signal 𝐱(𝑛), 𝜆 is the forgetting factor ranging 

from 0 to 1. The purpose of this parameter is giving more weight to the recent samples by “forgetting” 

the past samples. If 𝜆 = 1, then the estimation is without forgetting.  

The weighted least squares error function 𝜁RLS, which we desire to minimize, is a function of 𝑒(𝑛) and 

is thus also dependent on the filter coefficients: 

𝜁RLS(𝑛) = ∑𝜆𝑛−𝑖 ∙ 𝑒𝑖
2(𝑛)

𝑛

𝑖=0

= 𝜆𝑛 ∙ ∑𝜆−𝑖 ∙ 𝑒𝑖
2(𝑛).

𝑛

𝑖=0

 

The initial value of the inverse correlation matrix 𝐑xx
−1(0) is defined as follows: 

𝐑xx
−1(0) = [

𝛿−1 0 … 0
0 𝛿−1 … 0
… … … …
0 0 … 𝛿−1

 ], (4.23) 

where 𝛿 ∈ ℝ is the regulation factor. Standard RLS algorithm then uses following equation to update 

the inverse correlation matrix: 

𝐑xx
−1(𝑛 + 1) = 𝜆−1𝐑xx

−1(𝑛) − 𝜆𝑛−1𝐤(𝑛)𝐮T(𝑛)𝐑xx
−1(𝑛). (4.25) 
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Figure 16: Block diagram of the RLS algorithm. 

4.2.2 Fast Recursive Least Squares Algorithm 

The Fast Transversal RLS (FT-RLS) or just Fast Transversal Filter (FTF) filter is an alternative to the 

standard RLS algorithm designed to provide equal results with computational complexity which scales 

linearly with the filter order with standard RLS algorithm. The derivation of the FT-RLS filter is 

documented in [116]. The algorithm has the structure of four parallel transversal filters that are designed 

to compute update quantities as described in [117]:  

1) Forward Prediction – this block calculates the forward filter weights in such way that minimizes 

the least-square error (LSE) of the subsequent sample based on the previous ones. This filter also 

computes the prediction error of estimation using both a priori and a posterior filter weights, in 

addition to the minimum weighted LSE for this forward prediction.  

2) Backward Prediction – this block calculates the backward filter weights in such way that minimizes 

the least-square error of the n−Mth sample using the vector input 𝐱B(𝑛) = [𝑥(𝑛)   𝑥(𝑛 − 1)   𝑥(𝑛 −

2)   ⋯    𝑥(𝑛 − 𝑁 − 1)   𝑥(𝑛 − 𝑁)]T. This filter also computes the respective prediction error of 

estimation using both a priori and a posterior filter weights, in addition to the minimum weighted 

LSE for this backward prediction.  
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3) Conversion Factor – the gain computation transversal filter is used to recursively compute a gain 

vector which is used to update the weights in transversal filters 1), 2), and 4). It also provides 

recursive calculation of the factors relating a priori and a posteriori error quantity.  

4) Joint-Process Estimation – this block calculates filter weights in the same way as the other adaptive 

algorithms, i.e. by minimizing the error between the desired input and estimated signal. 

4.3 Independent Component Analysis 

The BSS problem associated with fECG extraction was introduced in section 3.4.1. Based on the tests 

provided in [RK3], [RK7], and [RK9], the author decided to use ICA to estimate the maternal component 

from composite aECG signal and use it in the subsequent fECG extraction. The ICA is a statistical 

method that was first introduced by Jutten and Herault in [112]. ICA is a special case of BSS that 

transforms a multidimensional random vector into components that are mutually statistically 

independent.  

The BSS model of linear and instantaneous mixtures can be expressed using the eq. (4.4) and (4.5). The 

BSS problem consists in identification of the mixing matrix 𝐀 or its inverse 𝐖 = 𝐀−1 to estimate the 

original sources using only the information within the finite observed data x(t). The unknown model 

parameters can be estimated if we assume that the sources are statistically mutually independent or 

decorrelated. However, neither the scaling of the sources nor their original order can be identified, that 

is, the separating matrix can be given by 𝐖 = 𝐃𝐏𝐀−1 where 𝐏 is a permutation matrix, and 𝐃 is a diagonal 

matrix. 

The ICA method is able to decompose a multivariable signal into a set of mutually independent, non-

Gaussian components, assuming that the measured signals are a combination of independent source 

signals 𝐱 = 𝐀 ∙ 𝐬 described mathematically by the ICA model [113]. The aim of ICA is to return the 

linear unmixing matrix W in order to acquire the estimated independent components y such that: 

𝐲 = 𝐖 ∙ 𝐱. (4.26) 

We assumed here that the number of independent components s is equal to the number of observed 

variables; this is a simplifying assumption that is not completely necessary. If the unknown mixing 

matrix A is square and non-singular than W is the inverse matrix W = A–1. Else, the best unmixing 

matrix, that separates sources as independent as possible, is given by the generalized inverse Penrose-

Moore matrix, where 𝐖 = 𝐀+ and ‖𝐲 − 𝐬‖ = 𝑚𝑖𝑛. 

Before the ICA algorithm is applied, the input data must be preprocessed in order to simplify the 

algorithms, reduce the number of parameters to be estimated and highlight the data features to improve 

the performance of the method. Two main pre-processing strategies are: 

1. Centering – is usually the first pre-processing step of the ICA algorithm. Centered vectors have 

zero mean. Centering usually refers to subtracting the mean E{x}from the observable variables 

𝐱𝑗 leading to removing the DC offset:  

𝐱𝑐 = 𝐱 − 𝐸{𝐱}, (4.27) 

2. Whitening – this preprocessing step aims to remove any correlations in the data, so that the 

whitened vectors have unit variance, thus normalizing the variance in all directions. Whitening 

can be performed by using the eigenvalue decomposition of the covariance matrix: 
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𝐸{𝐱𝑐𝐱𝑐
𝑇} = 𝐕𝐃𝐕T (4.28) 

where V is the orthogonal matrix of eigenvectors and D is the diagonal matrix of its eigenvalues. 

A new whitened vector is created as 

𝐱w = 𝐕𝐃−1 2⁄ 𝐕T𝐱𝑐 . (4.29) 
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5 Data Acquisition and Dataset Description 

The publicly available databases offer a decent amount of data. However, each of the database differ in 

the electrode placement and acquisition system configuration. Moreover, in some databases, these 

parameters differ from recording to recording. Therefore, it is challenging to compose a unified dataset 

of a satisfying length to test the proposed algorithms. Therefore, the author decided to test the individual 

approaches in NI-fECG signal acquisition and based on that created a dataset for the evaluation of the 

designed extraction algorithms (Goal 3). This chapter also introduces the main practical issues 

associated with the fECG measurement and compares different electrode placement and acquisition 

system configuration.  

5.1 Measurement System Configuration and Electrode Placement 

The data acquisition was performed using the 2.0 generation g.USBamp biosignal amplifier 

(g.tec medical engineering, Schiedlberg, Austria). System features 16 DC-coupled simultaneously 

sampled analog input channels with 24-bit resolution, sampling frequency up to 38.4 kHz, ± 25  mV 

and biosignal pre-amplifier. The [RK35] introduced a custom application for the data acquisition 

developed using LabVIEW environment (LabVIEW API) that allows complex configuration of 

g.USBamp system, data logging to .tdms files and basic signal processing (peak detection and heart rate 

calculation). The measurements were carried out using Ag/AgCl electrodes; the electrode cables were 

actively shielded to minimize the signal quality loss. For the pre-processing, the bandpass Butterworth 

approximation filter of 8th order (fL 0,5 Hz, fH = 60 Hz) and the notch Butterworth approximation filter 

of 4th order (fL = 48 Hz, fH = 52 Hz) was used.  

There are significant differences in electrode deployment among the databases, different researchers, 

and the commercially available devices (see Figure 9). While the positioning of the measurement 

electrodes does only influence the magnitude or polarity of the signal, the placement of common 

reference electrode and the active ground causes significant changes in the recorded signals since it may 

help in minimizing both the polarization potential and the maternal component.  

Since this factor may significantly affect the performance of the extraction system, it was necessary to 

investigate the effect of the electrode placement and measurement system configuration on the recorded 

signals. The author carried out a pilot investigation that helped in selecting the validation dataset. In the 

future research, clinical tests should be performed and guidelines for electrode placement according to 

the stage of pregnancy and fetal position should be created. 

TABLE V.  INFORMATION ABOUT SUBJECTS 

 
Week of 

pregnancy 

Fetal 

position 

Maternal 

Age 

Subject1 34 Vertex 26 

Subject2 32 Vertex 29 

Subject3 36 Vertex 30 
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Different types of NI-fECG devices use diverse types electrodes and their deployment. Various 

electrodes and the approaches are associated with improving common-mode rejection. The 

measurement system configuration is an important factor influencing the quality of the fetal monitoring. 

There are following types of electrodes used for NI-fECG monitoring: 

1) Sensing electrodes (SE). These electrodes measure the abdominal or thoracic signals, which are 

used as the inputs to the extraction system. The number of these electrodes differs among 

different commercial devices or research papers starting from 1 electrode (used for single 

channel techniques). The number of the electrodes used is associated with the type of the 

extraction system, clinical feasibility and both financial and computational costs. For instance, 

the BSS methods (such as ICA or PCA) perform better with higher number of abdominal signals 

used. Contrary, a multi-lead system using an adaptive algorithm requires lower number of 

abdominal electrodes but at least one thoracic reference electrode 

2) Common (or reference) electrode. This electrode is used as a second input to differential 

amplifier. The output signals are obtained by the bipolar derivation between signals recorded 

by the sensing electrodes and reference electrode. Its function is to suppress the unwanted 

signals in order to improve the common-mode rejection. It is usually placed close to other 

sensing electrodes which leads to significant motion and muscle artefact supersession but, in 

turn, may result in decrease of the signal magnitude. In (Hayes-Gill et al., 2003), the authors 

recommend the CE to be placed opposing the location of at least 3 sensing electrodes such that 

the line taken between the CE and each of the SE passes through the womb of the pregnant 

subject. 

3) Active Ground/Ground reference (GND) is used to provide common potential for the 

measurement system. It is needed for getting differential voltage and significantly increases 

common mode rejection. Generally, the GND can be place anywhere on the body since its 

position does not contribute to the measured waveform. Most authors place the GND on the 

abdomen (Taylor et al., 2003, Behar et al., 2019), while others on the back (Vullings, 2010) or even 

on the left thigh (Jezewski et al., 2012).  

 

Figure 17: Examples of the deployment of the measurement electrodes (abdominal – white, and chest– purple), common 

reference (blue), and the active ground (black): a) from left: commercially available device MONICA AN24, positioning used 

in publicly available databases ADFECGDB [92] and NIFEADB [43]; b) from left: Vullings (2010) [58] and Taylor et al. 

(2003) [59]. 

Left

thigh

Right

ankle

a) 

b) 
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5.2 Measurement Deployment and Data Inspection 

To ensure feasibility and reproducibility of the experiments and to cover most of the available electrode 

placements, a universal measurement deployment was designed, see Figure 18. The design included 

total of 16 electrodes that were positioned on the body of the pregnant woman – 14 on the abdomen, 

one on the right ankle, and one on the left thigh. The switch between the individual configurations was 

performed by changing the inputs of the system manually. The number of electrodes in some 

configurations was lowered to omit the redundant electrodes recording almost identical signals. The 

experiments included measurements on a real subject in 34th week of pregnancy. The total of 14 

electrodes were positioned on the abdomen in the way to cover most of the commonly used electrode 

deployment as shown in Figure 17. 

  

Figure 18: Measurement deployment. Sensing electrodes (white 1 – 11), ground reference (black A, C, F), and common 

reference electrode (blue D, E, F). 

Four different configurations of the measurement system were tested and denoted after the authors that 

introduced them. Figure 19 and Figure 20 show the resulting records of each configuration as listed in 

the Table 4. In each record, the fetal R peaks are marked. In the cases of the Vullings and Taylor 

configurations, only 5 signals of the best quality were plotted in Figure 20. The recordings were shifted 

by 50 uV in order to enhance the clarity of the readings. Besides the ratio between fetal and maternal 

component, the shape and orientation of the QRS complexes are among the most important factors for 

the quality of the maternal ECG suppression. 

1) Jezewski. This configuration was used in the ADFECGDB database [92] It includes 4 SEs (1, 

2, 4, and 7), the GND (C) placed on the left tight and the reference (D) on the bottom of the 

abdomen. The magnitude of the fetal component is low in comparison with the maternal one 

(see Figure 19). However, in the signal recorded by means of SE 4 and 7, the ratio between the 

fetal and maternal magnitude is low. Additionally, their orientation is the same (positive), and 

thus, the mECG suppression is feasible. 

2) Behar. This configuration was used in the NIFEADB database [43]. It includes 4 SEs (1, 3, 4, 

5, and 7), the GND (A) placed on the left tight and the reference (D) on the bottom of the 

abdomen. The magnitude of the fetal component is comparable with the maternal one, especially 

in the abdominal signal recorded by means of sensing electrode 4, 5, and 7. Moreover, the 

placement of the sensing electrodes is convenient for the implementation of the configuration 

into the clinical practice since it offers a space for the placement of the conventional CTG probes 

if needed. It is also feasible to be incorporated into a wearable device (e.g. using belts or patch 

system). 
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3) Vullings. The configuration introduced in the investigation of Vullings [58] includes 8 SEs (2, 

3, 5, 6, 8, 9, 10, and 11), the GND (B) placed on the left waist, and the reference (F) is placed 

adjacent to the navel. The quality of the recordings in the Vullings configuration can be 

considered as the lowest (see Figure 20). Only 2 out of the 8 SE, i.e. the SE electrodes 5 and 6, 

are sufficient in terms of the fetal component magnitude. In the others, the fetal component is 

nearly not notable by the naked eye. The orientation of the maternal QRS complex is positive 

in the upper SEs (5 – 8), for the rest of them, the orientation is biphasic or mostly negative. 

4) Taylor. This configuration of Taylor et al. [59] includes 12 sensing electrodes (1 – 11); the GND 

(F) is placed adjacent to the navel and the common reference (E) on the right ankle. The 

magnitude of the maternal QRS complex is highest among all of the tested configurations (see 

Figure 20). The magnitude of the fetal component is significantly lower and the maternal QRS 

complexes are biphasic. Thus, the fetal ECG extraction would be challenging. 

 

Figure 19: Examples of the recordings for Jezewski (left) and Behar (right) configurations. Left: the sensing electrodes 1, 2, 4, 

and 7 (as listed in the Table 1) for the Jezewski configuration. Right: sensing electrodes 1 – 5 (as listed in the Table 1) for the 

Behar configuration. 

 

Figure 20: Examples of the recordings for Vullings (left) and Taylor (right) configurations. Left: The output signals of the 

sensing electrodes 5, 6, 7, 8, and 4 (as listed in the Table 1) for the Vullings configuration. Right: The output signals of the 

sensing electrodes 2, 3, 5, 9, and 7(as listed in the Table 1) for the Taylor configuration. 

The signals were further analyzed in terms of the maternal complex morphology, which is a crucial 

factor for the extraction system performance. Figure 22 shows an example of each tracing accompanied 

with the mean maternal QRS complex which corresponds to a group of average of 30 consecutive 

maternal complexes. The shape and quality of the mECG waveform influences both blocks of the hybrid 

extraction system, especially the first one, where the maternal component estimation takes place. This 

estimate is then used as a reference input to adaptive system, which requires this signal to be of high 

quality in order to perform well. The initial tests showed that to obtain such maternal estimate using 
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BSS-based methods, the orientation as well as the shape of the maternal component should be similar 

in all the input signals.  

The above analysis of each record along with the description of the setting are summarized by Table IV, 

which links the selected configurations to the generalized measurement deployment proposed in Figure 

18. The choice of the final electrode configuration is a trade-off between patient comfort, signal 

processing capabilities, and the recorded amount of information. The results imply that Behar and 

Jezewski configurations are the most suitable in terms of the number of SE with a high quality signal, 

maternal:fetal magnitude ratio (m:f ratio). 

It is important to note that the proposed tests only investigated the case of the vertex fetal position, which 

is the most common position at the late stage of pregnancy and labor. For the monitoring during earlier 

stages of pregnancy, the optimal number and positioning of the electrodes may vary according to the 

fetal heart position. For the fetal heart sounds auscultation by means of fetal doppler, a recommendation 

of the sensor deployment according to stage of pregnancy exists (see Figure 21). It is therefore desirable 

to carry out more tests and create a guideline for the NI-fECG data acquisition covering all recordable 

stages of pregnancy. 

 

Figure 21: Optimal placement of the sensor according to the fetal position. A) Example of the vertex position; B) Example of 

the Breech position; C) Deployment according to stage of pregnancy: Early stage (12 – 24 weeks, position 1, 2, and 3), 

Middle stage (24 – 32 weeks, position 1, 3, 4, 5), Late stage (32 – 40 weeks, positions 1, 3, 6, 7). 

TABLE VI.  SUMMARY OF THE TESTED CONFIGURATIONS 

Configuration 

Name 

Sensing 

electrodes 

Ground 

reference 
Reference 

SE with best 

quality signal 

m:f 

ratio 
mQRS 

Jezewski 1, 2, 4, 7 C D 3, 4 Low Positive 

Behar 1, 3, 4, 5, 7 A D 2, 3, 4 Low Negative/biphasic 

Vullings 
2, 3, 5, 6, 

8 – 11 
B F 5, 6 High Positive 

Taylor 1 – 11 F E 2, 3, 9, 7 High biphasic 
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Figure 22: Tracings from individual configurations: Examples of the 1 s of each abdominal fECG (aECG) are followed by the 

group of average of 30 consecutive maternal complexes plotted out at 2 different scales. 
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5.3 Measurements with CTG 

To test the performance of the algorithms during the pregnancy, the author carried out measurements in 

pregnant women at 36th week of pregnancy using the NI-fECG system and the CTG simultaneously. To 

ensure high quality CTG recordings, the data acquisition was performed in the private clinic in Karviná, 

Czech Republic. Based on the tests carried out in the previous section, the Behar deployment was chosen 

for the NI-fECG acquisition since it offers the best trade-off between the data quality, patient comfort 

and the clinical feasibility (i.e. enough space for the CTG sensor). 

As a result, a printed paper CTG traces were obtained. The digitization of CTG was carried out by 

applying image processing on the scanned CTG printed papers using the LabVIEW environment. The 

total length of the recording was 60 minutes recorded in 20 minutes intervals during which the fetus was 

either sleeping, awake and moving or awake and still, see Figure 24 a, b, and c, respectively. 

   

Figure 23: The NI-fECG measurements with the CTG reference.  

 

 

 

Figure 24: The CTG tracing scans before digitalization: a) phase when the fetus was asleep; b) phase when the fetus woke up 

and was moving; c) phase when the fetus was awake and still  

CTG 

NI-fECG 

CTG 

a) 

b) 
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5.4 Conclusions and Dataset Summary 

Based on the results of the pilot tests introduced in section 5.2, the author created a dataset which consists 

of the data with both Jezewski and Behar configurations. The Jezewski configurations were conducted 

by the team of ITAM, Zabrze, Poland. One part of the dataset was published at PhysioNet ADFECGDB, 

the rest of it was provided by the authors but is not publicly available. The second part of the dataset 

consists of the data conducted as described in the previous section. The total length of the dataset is 120 

minutes, TABLE VII. summarizes the dataset information. Although there is a general pressure from 

the fECG focused research community to use the Challenge 2013 dataset to evaluate the results, the 

author decided to omit these tests because this dataset is not suitable for both, the training and the 

evaluation of the proposed algorithms. The Challenge 2013 dataset was not used for following reasons:  

a) Signal length. The length of each record is only 1 minute which is very short duration for an 

algorithm to adapt or to make any kind of conclusion about the resulting performance; 

b) Dataset heterogeneity. There is more than one source of the data (both synthetic and real, see 

section 3.3.1) and its description is insufficient which makes the results less transparent; 

c) Absent information about the electrode deployment. As demonstrated in section 5.1, the 

electrode deployment and system configuration play vital role in data acquisition and 

subsequent fECG signal extraction. Not knowing this information makes it hard to optimize the 

extraction system. Therefore, this dataset is more suitable to test some sort of uniform algorithm 

not sensitive on aECG signal morphology that can be used generally for any kind of data, which 

is not the case of proposed algorithms. 

The advantages of ADFECGDB dataset: 

a) Dataset length. Since the author cooperates with the team of prof. Jezewski, the total length of 

the dataset is 50 minutes (10 recordings, 5 minutes each), instead of 25 that is publicly available. 

This makes the dataset large enough for the optimization of the extraction system. 

b) Electrode placement. The electrode placement used for the data acquisition proved to produce 

high quality signals for given stage of the pregnancy. 

c) Available direct fECG signal. The availability of the direct fECG signal acquired using the FSE 

is a unique advantage of this database allowing precise evaluation of the results in terms of both 

fHR monitoring and morphological analysis. 

TABLE VII.  SUMMARY OF THE DATASET 

Dataset name Description Configuration   
Sampling frequency 

(Hz) 

Length 

(min) 
Reference 

Dataset A 

ADFECGDB [92] Jezewski  1000 25 FSE 

ADFECGDB extension Jezewski  500 or 1000 35 FSE 

Dataset B Own Data Behar  600 60 CTG 
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Figure 25 illustrates evaluation of the data along with the data acquisition and fECG signal extraction. 

The input signals are denoted as aECG1 – aECG6 and correlate to the selected configurations i.e. Behar 

(aECG1 – aECG5) and Jezewski (fECG1, fECG3, fECG5, fECG6, and fECG7). The processing phase 

includes the bandpass filtering (3-150 Hz), mECG estimation is carried out using the ICA algorithm, 

which also provides the aECG* signal with an enhanced fetal component for the adaptive fECG 

extraction block. The extracted signal is then evaluated using available references (ADFECGDB 

annotations or digitized fHR tracing). 

 

Figure 25: The block diagram of the measurement process, fECG signal extraction and the evaluation of the obtained results. 

The tests cover two of the configurations with best results, i.e. Behar (aECG1 – aECG5) and Jezewski (fECG1, fECG3, fECG5, 

fECG6 and fECG7). 
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6 Evaluation of Hybrid Systems for Fetal Electrocardiogram Extraction 

This chapter introduces the process of evaluation and optimization of the hybrid extraction systems and 

fulfills Goal 4. First part of the chapter introduces optimization of both blocks of the proposed hybrid 

extraction system, i.e. AES block for the maternal component estimation and the subsequent adaptive 

algorithm for the fECG extraction using the estimated maternal component as the reference input. In 

the second part, the results are statistically validated and its ability to obtain clinically valuable fHR 

traces is validated against the CTG reference, which fulfils Goal 5. 

6.1 Maternal Component Estimation 

There are different methods for the estimation of the maternal component, including the ICA or PCA 

methods. The initial tests published in [RK3] and [RK9] investigated the efficacy of both ICA and PCA 

in estimating the maternal component to be used for fECG extraction. The results of the tests showed 

that both methods achieve similar results [RK3]. However, in terms of clinical use, ICA is much more 

advantageous since it is as sensitive to the electrode deployment. Moreover, the ICA can produce both 

inputs of the fECG extraction system, i.e. the reference maternal signal and the primary aECG input 

with enhanced fetal component, which results in higher efficacy of the hybrid extraction system. 

Therefore, the author carried out the optimization process using the ICA algorithm. 

The number of aECG inputs along with the selected amount of output independent components is crucial 

for precise estimation of the maternal component. In [RK35], the author tested different combinations 

of the aECG inputs for both PCA and ICA to estimate the mECG component. The results are 

summarized in TABLE VIII. It can be noted that in most cases, the optimal number of inputs is 2 or 3. 

TABLE VIII.  THE OPTIMAL COMBINATIONS OF INPUTS 

 
r01 r02 r03 r04 r05 r06 r07 r08 r09 r10 

ICA 1, 3, 4 1, 4 2, 4 2, 3 1, 4 1 – 4 1, 3, 4 1, 4 1, 4 1 – 4 

 

For Dataset3, the optimal number of inputs was 2 and they were selected based on the shape and polarity 

of the maternal and fetal QRS complexes, which should be similar in both recordings. In the case of 

Behar configuration, the aECG inputs described as aECG2 and aECG5 (see Figure 26). The output 

component of ICA then corresponded to the maternal component in the aECG signal, therefore, it was 

subsequently used as the reference input of the adaptive extraction system. 
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Figure 26: Examples of the signals chosen for the maternal component estimation along with the inputs and outputs of the 

adaptive extraction block a) aECG2, b) aECG5, c) ICA output component4 corresponding to the ADALINE reference input, 

d) ADALINE primary input(aECG1), e) ADALINE output – extracted fECG 

6.2 Selection of Adaptive Extraction System 

The adaptive block of the hybrid algorithm has two inputs: the primary input (aECG) and the reference 

input, which is the source of the noise to be suppressed (mECG estimated as described above).  For the 

adaptive extraction block of the hybrid system, 5 different adaptive algorithms were tested. Their 

selection was based on previous tests published by the author [RK10], [RK21], [RK7], [RK6], [RK25], 

[RK20], [RK22], or [RK25]. Some of the tested algorithms, such as some LMS-based algorithms or 

ANFIS, were excluded from further experiments. Although ANFIS showed promising results in 

synthetic data tests [RK19], the experiments using real data were not outperforming other tested methods 

[RK7]. Giving that and its complexity and computational demands, this method is not suitable for the 

clinical practice implementation. In terms of LMS-based algorithms, namely Normalized LMS, Block 

LMS and Delayed LMS, the performance was low in comparison with the standard LMS algorithm. 

The main aim was to cover the members of most commonly used algorithms, namely the algorithms of 

the least mean squares and recursive least squares algorithms. Following algorithms were selected and 

their as most promising for following reasons: 

1) Standard LMS Algorithm – this algorithm is among the most frequently used algorithms in noise 

cancellation systems due to its low complexity and easy implementation. 

      

        

    

 

   
                  

      

        

    

 

   
                  

      

        

   

 

  
                                    

      

        

    

 

   
                             

      

        

   

 

  
              



Evaluation of Hybrid Systems for Fetal Electrocardiogram Extraction 

 

63 

2) Sign-Error LMS Algorithm – this algorithm offers faster adaptation processes and thus very fast 

computation which is vital in real-life applications. However, since the update mechanism is 

degraded by using only the sign value of the error signal compared to LMS algorithm, the steady 

state error increases and the convergence rate decreases. 

3) ADALINE – the neural network accompanying the LMS algorithm promises higher performance. 

However, the computation may be slower. 

4) RLS Algorithm – the RLS algorithm outperformed LMS-based algorithms in the previous test 

ZDROJ. Its advantage is its improved adjustment to the non-stationarities in the signal, however, at 

the cost of higher computation time. 

5) Fast Transversal Algorithm – this algorithm may compensate the disadvantage of the RLS algorithm 

since it offers comparable results at significantly lower computation time. However, this algorithm 

is known to suffer from numerical instability which can be compensated by optimizing its settings. 

6.3 Optimization of Adaptive Extraction System Settings 

The crucial task is the selection of the filter setting. The parameters differ the among different algorithms 

and their set values may vary for different purposes or signals. For the selected adaptive filtering 

techniques, the influence of the filter settings was tested. Most of the investigated algorithms are 

included in the Matlab Digital Signal Processing Systems Toolbox, which ensures the reproducibility of 

the results. 

1) Least Mean Squares algorithms: 

a) Standard LMS 

− filter length M (or filter order N),  

− step size µ, 

b) Sign-Error LMS,  

2) Recursive Least Squares (RLS) algorithm, 

− filter length M (or filter order N),  

− forgetting factor, 

3) Fast Transversal filter, 

− filter length M (or filter order N),  

− forgetting factor 

− Initial prediction error power 

4) Adaptive Linear Neuron. 

− Momentum 

− Learning rate 

− Input space 

The importance of the optimization process in finding the suitable system setting is illustrated using 

Figure 27. The figure shows that the performance of the same system varies based on the filter settings 

and may result in increase of false positive values of detected R waves leading to inaccurate diagnosis 

of fetal health state. 
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Figure 27: An example illustrating the effect of adaptive filter setting on the maternal component suppression. The extraction 

system with optimal setting is able to fully recover the fECG signal (fECGopt) while the incorrect setting leads to inadequate 

suppression of mECG and obtaining the fECG signals of poor quality. Medium quality of the extracted fECG signal (fECGmed) 

contains maternal residue (marked using red circles) that could affect the fHR determination. The fECG signal of low quality 

(fECGlow) is basically distorted version of the input aECG signal. 

6.3.1 Optimization of ADALINE Filter Control Parameters 

The extraction system using ADALINE has two main parameters to be optimized:  

a. The learning rate η 

b. The input space p. 

In [RK25], the author optimized the ADALINE system on the synthetic data using the SNR as the 

evaluation parameter. However, the tests on the real data showed that the optimal settings for real data 

differ from those set for artificial ones. Therefore, herein, the author provides the optimization of the 

ADALINE-based extraction system on the real data from the ADFECGDB database using the F1 

parameter. 

First the author aimed to test large range of settings to find the extremes and set the working area of the 

algorithm. The initial tests investigated the influence of the learning rate in the range of 0 – 1 and the 

input space in the range of 0.01 – 1000. The results showed that the algorithm achieves the highest 

performance for the values of η<0,01 and p<100. For higher values of the settings, the algorithm was 

either unstable or the computational costs were extremely high which causes a significant increase in 

the computation time, as can be noticed in Figure 24, illustrating the tests on the recording 1 – for the 

rest of the recordings, the results vary only slightly. This figure shows the dependence of the time needed 

for the adaptive filter to operate as a function of changes in the values of η and p. Figure 28a and Figure 

28b show the same information from a different perspectives. Similarly, Figure 29 shows the influence 

of these parameters on the extraction system performance evaluated using the F1 parameter. The graph 

also illustrates the operating area of the filter (i.e. the specific values of the learning rate η and the input 

space p, which make the extraction system perform most effectively).  

For the reasons mentioned above, further tests were only carried out in the range of η<0,1 and p<100. 

The experiments were carried out as follows: for each recording the F1 parameter was calculated for 
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given range; the optimum was determined as the global maximum of the operating area; for each 

recording, the 3D graphs for further analysis are available. In this section, 4 out of 10 recordings will be 

analyzed in detail, the rest of them can be found in the Attachment A. Table V summarizes the optimal 

settings for each recording. 

 

Figure 28: The influence of filter settings on the computational time. From left to right: Left: 3D graph showing the influence 

of parameter p and eta on the computational time; Right: top-down view of the 3D graph. 

 

Figure 29: The top-down view of the 3D graph showing the influence of filter settings on the performance of the fECG 

extraction assessed by the parameter F1. 
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TABLE IX.  OPTIMAL EXTRACTION SYSTEM SETTINGS FOR EACH RECORDING 

Recording 

number 

Sampling rate 

(Hz) Learning Rate η Input space F1 

(%) 
   

r01 
1000 0.001 29, 30, 34, 56, 82 

99.767 
 0.02 30 

r02 500 0.005 59 98.429 

r03 500 0.007 31 98.105 

r04 1000 0.001 48 79.275 

r05 500 0.001 82 99.613 

r06 500 0.052 8 93.149 

r07 1000 0.001 40 79.377 

r08 1000 

0.058 - 0.66 2 

99.847 

0.047. 0.051 - 0.057 3 

0.013 - 0.021; 0.054 - 0.6 4 

0.014 - 0.022; 0.026; 0.038 - 0.041 5 

0.02 - 034 6 

0.027 7 

r09 

 0.027; 0.029 16 

99.083 500 0.024 - 0.076 17 

 0.069; 0.071; 0.096; 0.098; 0.1 18 

r010 1000 0.003 46 93.949 
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Figure 30: Optimization of adaptive system control parameters for recording1: 3D graph of the 3D graph showing the influence 

of parameter p and eta on the quality of the filtration; the top-down view of the 3D graph; down right: examples of the estimated 

fECG signals obtained with selected filter settings: a) η = 0.001, p=30, F1=99.77% (643 TP, 2 FP, 1 FN), b) η = 0.09, p=60, 

F1=95.8% (593 TP, 1 FP, 51 FN), c) η = 0.1, p=100, F1=43.43% (543 TP, 2 FP, 101 FN). 

Figure 30 shows the results for the recording 1. It can be noticed that the filter is stable and efficient in 

most of the operation area, the highest performance was reached for p<40. The efficacy of the filter 

decreases steeply for η˃0,07 and p˃60. This figure also shows the examples of the estimated fECG 

signals with selected filter settings to demonstrate the importance of the proper filter settings. If the filter 

is not optimized, it can lead to unwanted suppression of the fetal component (especially fetal R waves) 

in the estimated signal, which are then not detected leading to increase of the peaks classified as and 

false negative (see Figure 30 examples b and c). 
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Figure 31: Optimization of adaptive system control parameters for recording3: 3D graph of the 3D graph showing the influence 

of parameter p and eta on the quality of the filtration; the top-down view of the 3D graph; down right: examples of the estimated 

fECG signals obtained with selected filter settings: a) η = 0.007, p=31, F1=98.11% (673 TP, 15 FP, 11 FN), b) η = 0.01, p=10, 

F1=68.66% (448 TP, 174 FP, 236 FN), c) η = 0.001, p=1, F1=43.43% (294 TP, 376 FP, 390 FN). 

Figure 31 shows the results for the recording 3. It can be noticed that the filter is stable and efficient in 

most of the operation area, however, the highest performance was achieved for η<0,04 and p<20. The 

efficacy of the filter decreases steeply for the values of p<20<0. Figure 31 illustrates the influence of 

the filter settings on the quality of the estimated fECG signals along with the examples of the estimated 

fECG signals with selected filter settings. The examples manifest that in the if the filter is not properly 

set, the maternal component is not sufficiently suppressed. These maternal residua are then incorrectly 

detected as fetal R-peaks which causes the increase of the peaks classified as false positive and false 

negative. 
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Figure 32: Optimization of adaptive system control parameters for recording10: 3D graph of the 3D graph showing the 

influence of parameter p and eta on the quality of the filtration; the top-down view of the 3D graph; down right: examples of 

the estimated fECG signals obtained with selected filter settings: a) η = 0.003, p=46, F1=93.95% (673 TP, 15 FP, 11 FN), b) η 

= 0.06, p=25, F1=75.26% (479 TP, 157 FP, 158 FN), c) η = 0.01, p=1, F1=49.81% (334 TP, 370 FP, 303 FN). 

Figure 32 shows the results for the recording 10. The trend of the graph slightly differs from the one 

corresponding to recording 3. The range of the operation area of the highest performance moved towards 

the higher values of the input space (p<40). Below this point, the efficacy decreases, and the filter is 

rather unstable and performing poorly since it is not able to fully suppress the maternal component, as 

illustrated by the examples of the estimated fECG signals settings within this operation area. 
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6.3.2 Optimization of LMS Based Filter Control Parameters 

This subsection introduces optimization of two selected LMS based algorithms – the standard LMS and 

Sign-Error LMS algorithms. The experimental outcomes for all the tested records are summarized by 

TABLE X. The algorithms show similar results, where for most of the recordings (r01, r02, r04, r05, 

r06, and r09), the SE-LMS based filter slightly outperforms the standard LMS filter and both cost 

function graphs follow the same trend.  

Figure 33 shows the influence of the filter settings on the quality of the filtration for the recording r01 

and illustrates all the cases where the graphs for both extraction systems follow the same trend (such as 

recordings 05 and 09, see ATTACHMENT A). Both systems are stable and effective within most of the 

tested range, while the global maxima (𝐹1𝐿𝑀𝑆 = 99.77% and 𝐹1𝑆𝐸−𝐿𝑀𝑆 = 99.85%) were found in the 

range 𝜇 ∈ (0.003, 0.025), M = 30 for LMS-based system and 𝜇 ∈ (0.001, 0.007), M ∈ (26,37) for the SE-

LMS based system. 

TABLE X.  COMPARISON OF THE TESTED ADAPTIVE ALGORITHMS 

Algorithm 
Recording 

Sampling 

rate Step size µ Filter Length 
F1 

(%) 
 (Hz) 

LMS 

r01 1000 0.003-0.025 30 99.77 

r02 500 0.097 – 0.1 19-23 98.35 

r03 500 0.1 22 91.68 

r04 1000 0.004 46 75.52 

r05 500 0.01-0.003 18-41 99.61 

r06 500 0.1 1 93.27 

r07 1000 0.003 46 77.61 

r08 1000 0.007-0.009 46-100 99.92 

r09 500 0.049-0.083 63-67 98.70 

r10 1000 0.012-0.030 54-56 94.3160 

SE 

LMS 

r01 1000 0.001-0.007 26-37 99.845 

r02 500 0.035-0.054 36-38 98.577 

r03 500 0.033 23 86.711 

r04 1000 0.07 19 76.526 

r05 500 0.003 18 99.613 

r06 500 0.038 16 92.284 

r07 1000 0.001 45 74.139 

r08 1000 0.009-0.1 1-5 99.847 

r09 500 0.05, 0.051 19, 22 98.854 

r10 1000 0.007 55 91.634 
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Figure 33: Comparison of the results for recording r01 a) From left to right: System using standard LMS algorithm from front 

and top-down view; b) From left to right: System using Sign-Error LMS algorithm from front and top-down view. 

However, it should be noted that for the rest of the recordings (r03, r07, r08, and r10), the extraction 

system using standard LMS algorithm achieves better results. Moreover, for some of those records (r03 

and r08), the trends of the optimization graphs differ. For instance, in the case of recording r03, the 

working area for the LMS-based system covers 𝜇 ∈ (0.06, 0.1) and M ∈ (20, 100) whereas for the LMS-

based system it is shifted towards lower values of the step size 𝜇 ∈ (0.02, 0.06), M ∈ (20, 100).  

 

  



Evaluation of Hybrid Systems for Fetal Electrocardiogram Extraction 

 

72 

 

 

Figure 34: Comparison of the results for recording r03 a) From left to right: System using standard LMS algorithm from front 

and top-down view; b) From left to right: System using Sign-Error LMS algorithm from front and top-down view. 

The recording r08 is an extreme case where the optimization graphs differ significantly. In the case of 

standard LMS algorithm, the system is not stable for most of the tested settings and the working area 

can be defined as 𝜇 ∈ (0.001, 0.01), M ∈ (1, 100); the global maximum (𝐹1 = 92.92%) was obtained for 

the settings 𝜇 ∈ (0.007, 0.009), M ∈ (46, 100). Contrary, the extraction system using the Sign-Error LMS 

algorithm was stable within the tested range and most effective in the working area 𝜇 ∈ (0.001, 0.1), M ∈

(1, 40) with the global maximum (𝐹1 = 99.85%) at 𝜇 ∈ (0.009, 0.1), M ∈ (1, 5). 
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Figure 35: Comparison of the results for recording r08 a) Top row from left to right: System using LMS algorithm from front 

and top-down view; b) Bottom row from left to right: System using SE-LMS algorithm from front and top-down view. 

The advantage of the Sign-Error LMS algorithm is the speed of adaptation processes allowing very fast 

computation which is vital in real-life applications. However, since the update mechanism is degraded 

by using only the sign value of the error signal, the steady state error may increase, while the 

convergence rate decreases. Nevertheless, the results imply that for the fECG extraction, the SE-LMS 

algorithm does not perform significantly faster than the standard LMS algorithm (see Figure 36).  

 

Figure 36: Comparison of the LMS-based filters computational time as a function of filter length. The algorithms performed 

with similar computational speed. The peaks in the graphs correspond to configuration that was not optimal and caused 

instability of the system leasing to increased computational time and decreased quality of the extraction.  
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6.3.3 Optimization of RLS Based Filter Control Parameters 

This subsection introduces optimization of two selected RLS based algorithms – the standard RLS and 

Fast Transversal RLS algorithms. The experimental outcomes for all the tested records are summarized 

by TABLE X. The results show that both filters achieve similar performance for most of the recordings. 

However, for the recordings r03, r06, and r07, the RLS-based system outperforms the one using FTF 

algorithm. 

The positive of the RLS based system over the one using FTF algorithm is that it is more stable and has 

wider range of settings that it is effective at. The RLS algorithm was tested for the ranges of forgetting 

factor from 0.9 to 1 and for the filter length in the range of 1 to 100. Contrary, the FTF system showed 

to be unstable for the filter settings M > 40 and λ < 0.98, thus the comparison tests between those 

systems are provided only for the range λ < 0.98, M ∈ (0,100). Figure 37 illustrates the above mentioned 

using the tests for recording 03 as an example. It can be noticed that for this recording, the FTF-based 

system follows different trend in parameter settings than RLS-based system, since it is more effective 

for lower values of forgetting factor set. Its global maximum (𝐹1𝐹𝑇𝐹 = 86.90%) was found for the 

combination of settings M = 10 and λ = 0.98 while the global maximum for RLS-based system (𝐹1𝑅𝐿𝑆 =

98.18%) was achieved at M = 44, λ = 1. 

TABLE XI.  COMPARISON OF THE TESTED ADAPTIVE ALGORITHMS 

Algorithm 
Recording 

Sampling 

rate Step size 𝜆 Filter Length 
F1 

(%) 
 (Hz) 

FTF 

r01 1000 0.99; 1 24-27, 31-100 99.77 

r02 500 0.9988 12 98.80 

r03 500 0.980 10 86.90 

r04 1000 1 48 73.13 

r05 500 0.9974 17, 18 99.61 

r06 500 0.9968 1 50.51 

r07 1000 1 47 72.02 

r08 1000 0.998 30, 31 99.92 

r09 500 0.997 14 98.85 

r10 1000 0.9996 45 93.20 

RLS 

r01 1000 0.997-0.999 2-5, 16, 18 99.69 

r02 500 0.998 13 98.87 

r03 500 1 44 98.18 

r04 1000 1 34 76.23 

r05 500 1 33, 44, 45, 68-97 99.46 

r06 500 0.997-0.998 20, 21 92.89 

r07 1000 1 44 80.16 

r08 1000 0.998-0.999 3, 5, 6 99.85 

r09 500 0.999 16 99.08 

r10 1000 1 93 93.45 
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Figure 37: Comparison of the results for recording r03 a) From left to right: System using standard RLS algorithm from front 

and top-down view and 𝜆 ranging from 0.9 to 1; examples of the estimated fECG signals for FTF and RLS algorithms obtained 

with selected filter settings 𝜆 = 0.98, M=30 (F1RLS=83.95% (550 TP, 86 FP, 134 FN) F1FTF=86.89% (567 TP, 54 FP, 117 FN)),  

and 𝜆 = 1, M=30 (F1RLS=97.96% (671 TP, 15 FP, 13 FN), F1FTF=5.63% (21 TP, 41 FP, 66 FN) ); b) From left to right: System 

using RLS algorithm from front and top-down view, 𝜆 ranging from 0.98 to 1; c) From left to right: System using Fast 

Transversal RLS algorithm from front and top-down view, 𝜆 ranging from 0.98 to 1. 
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Contrary, some of the recordings, such as r02, r05, and r09, follow the same trend for both tested 

algorithms, see Figure 38. In these cases, the algorithms share the same operating area (M ∈ (14,40) and 

λ > 0.99),  and also achieve nearly the same results (local maxima for recording r02 𝐹1𝐹𝑇𝐹 = 98.80% , 

𝐹1𝑅𝐿𝑆 = 98.87%; recording r05 𝐹1𝐹𝑇𝐹 = 99.61% , 𝐹1𝑅𝐿𝑆 = 99.46%; and for recording r09 𝐹1𝐹𝑇𝐹 =

98,85%, 𝐹1𝑅𝐿𝑆 = 98.93%). 

 

 

 

Figure 38: Comparison of the results for recordings r02, r05, and r09. Left column from top to bottom: System using standard 

RLS algorithm tested on recordings r02, r05, and r09; b) Right row column from top to bottom: System using Fast Transversal 

RLS algorithm tested on recordings r02, r05, and r09. 
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The advantage of using FTF over the standard RLS algorithm is its computational speed, which is an 

important factor for the implementation of real-life applications. Figure 39 shows the comparison of the 

computational time for both tested RLS-based systems. It can be noticed that the computational time 

increases with the higher values of the filter length. However, for the standard RLS algorithm the 

increase is steep for  M > 80 whereas for FTF-based system, the increase is gradual. At the same time, 

it is important to realize that the operating area for majority of the tested algorithms contains lower 

values of the filter length. Additionally, since the update mechanism of the FTF algorithm suffers from 

numerical instability, which makes it less reliable than the standard RLS algorithm. 

 

Figure 39: Comparison of the RLS-based filters computational time as a function of filter length.  

6.4 Statistical Evaluation, Results, and Summary 

The results showed that hybrid systems offer extraction of a suitable quality for most of the recordings. 

However, it should still be noted that the quality of the extraction strongly correlates to the ability of the 

maternal estimation block to create an estimate of a suitable quality. TABLE XII. shows the summary 

of results for all of the tested algorithms, more detailed information can be found in APPENDIX X.  

According to the results, ADALINE, Standard LMS, and RLS algorithms show outstanding 

performance among most of the tested dataset. Moreover, they also proved to be suitable in terms of the 

time computing speed in the given working area. This is a good presumption to implement the 

techniques to clinical practice. However, the automatization the maternal estimation stage is a vital step 

because, contrary to final fECG extraction, the estimation using ICA is based on statistical methods 

which leads to significant uncertainty and unpredictability of the results. 

Figure 1 shows the examples of the abdominal signals from the tested database along with the signals 

estimated using ICA algorithm that were used as the reference and primary inputs (mECG* and aECG, 

respectively) to the adaptive algorithms. In total of 6 recordings were selected for the illustration – 

recordings r01, r02, r08 are the examples of recordings that achieved excellent results (F ˃95%) in the 

fECG extraction; recordings r04, r06, r07 are the recordings with the poorest results in the fECG 

extraction (F1<80%). The notable differences between these examples are the quality of the aECG 

signals and the ratio between the maternal and fetal component in those signals.  

The performance of the adaptive algorithm strongly correlates with the quality of its inputs, especially 

with the reference signal (mECG*). Some of the mECG* ICA estimates were of a poor quality (included 

noise or the fECG residua) which led to decreased accuracy of the fECG extraction. Additionally, the 

morphology of the mECG* reference signal should correspond to the shape of the maternal component 

in aECG*. However, in the case of recordings r04 and r07, the maternal components in both aECG* 
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signals are bipolar whereas the reference mECG* signal has positive polarity. This is caused by the 

difference in the corresponding abdominal inputs. Therefore, as discussed in Section 5.2, the electrode 

deployment and data acquisition quality are of a great importance to achieve accurate fECG extraction. 

Therefore, further research should be focused on the effects of the electrode placement and system 

configuration and their effects on the signal quality along with other factors such as fetal position or 

gestation age. 

Finally, the ability of the NI-fECG method to monitor fHR must be demonstrated since this parameter 

that is used in the clinical practice to assess the fetal health state. Figure 43 shows analysis of two 

examples of fHR traces corresponding to recordings r01 and r08. First example investigates the accuracy 

of RLS-based extraction systems while the second one is focused on the LMS-based systems and 

ADALINE. The reference fHR trace was determined using the fECG signal acquired by FSE. Moving 

average smoothing with period 30 was applied on all fHR traces. The results show that all tested 

algorithms with optimized settings were able to provide signals of sufficient quality to produce fHR 

traces following the reference fHR trend. Nevertheless, a few deviations from the reference trace 

occurred. These are investigated in detail using four examples (A, B, and D) that include the examples 

of the fECG signals corresponding to the inspected time interval. Two of those cases correspond to the 

abrupt increase of the fHR trace (example A and D). The latter was caused by noise obtained in the 

source aECG signals. Contrary, the case of example A is associated with low effectivity of RLS-based 

extraction system since the estimated fECG signal included maternal residue causing the increase of 

false positive heart beats leading to increase of fHR. The rest of the algorithms were able to suppress 

maternal component almost entirely (see Example C). Example B shows the case of abrupt decrease of 

fHR trace corresponding to FTF system caused by failed fECG estimation. 

TABLE XII.  COMPARISON OF THE BEST RESULTS FOR ALL TESTED ADAPTIVE EXTRACTION ALGORITHMS 

 ADALINE LMS SE-LMS RLS FTF 

 
F1 

(%) 

Se 

(%) 

PPV 

(%) 

F1 

(%) 

Se 

(%) 

PPV 

(%) 

F1 

(%) 

Se 

(%) 

PPV 

(%) 

F1 

(%) 

Se 

(%) 

PPV 

(%) 

F1 

(%) 

Se 

(%) 

PPV 

(%) 

r01 99.77 99.69 99.84 99.77 99.84 99.69 99.84 99.84 99.84 99,69 99,84 99,54 99,77 99,84 99,69 

r02 98.43 99.70 97.19 98.35 99.55 97.19 98.58 99.70 97.48 98,87 99,70 98,06 98,80 99,55 98,06 

r03 98.10 98.39 97.82 91.68 86.99 96.91 86.71 85.38 88.08 98,18 98,39 97,96 86,90 82,89 91,30 

r04 79.28 79.59 78.96 75.52 74.68 76.38 76.53 77.37 75.70 76,23 82,44 70,88 73,13 67,41 79,92 

r05 99.61 99.84 99.38 99.61 99.84 99.38 99.61 99.84 99.38 99,46 99,84 99,08 99,61 99,85 99,38 

r06 93.14 94.81 91.55 93.27 92.58 93.98 92.28 89.61 95.12 92.89 93.18 92.63 50.51 40.06 68.35 

r07 79.37 80.38 78.38 77.61 72.41 83.61 74.14 66.99 83.00 80,16 77,67 82,82 72,02 62,20 85,53 

r08 99.85 100 99.69 99.92 99.85 100 99.85 100 99.69 99,85 100 99,69 99,92 99,85 100 

r09 99.08 98.63 99.54 98.70 98.02 99.38 98.85 98.48 99.23 99,08 98,63 99,53 98,85 98,17 99,54 

r10 93.95 97.49 90.66 94.32 96.39 92.33 91.63 91.99 91.28 93,45 95,13 91,82 93,20 93,56 92,83 
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Figure 40: Examples of the abdominal ECG signals and estimated maternal and abdominal signals used for the experiments. 

Top row from left to right: recordings r01, r02, r08 – example of recordings that achieved excellent results (F1˃95%) in the 

fECG extraction; Bottom top row from left to right: recordings r04, r06, r07 – recordings that achieved the poorest results in 

the fECG extraction (F1<80%). Bottom rows: estimated abdominal (aECG*) and maternal (mECG*) signals for the selected 

recordings. 
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Figure 41: Examples of two fHR traces corresponding to recordings r01 and r08 determined using the signals estimated by 

means of tested algorithms and the reference signal from fetal scalp electrode. Four examples (A – D) of deviation from the 

reference FSE trace are illustrated by the fECG signals corresponding to the investigated time interval. 
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Finally, to demonstrate the importance of proper filter setting of the adaptive extraction system, the 

author provides similar analysis using fHR trace as in the previous case. Figure 42 provides the 

comparison of fHR traces calculated using 3 different system configurations of ADALINE extraction 

system, corresponding to filter settings denoted as optimal (p=30, η=0.001), acceptable (p=5, η=0.001), 

poor (p=10, η=0.01). For optimal settings, the fHR trace follows the trend of the reference fHR for most 

of the trace (except example D). For the latter two settings, the fHR traces significantly differ from the 

true fHR values due to maternal residue which were not successfully suppressed (see example A, B, C), 

which could negatively affect the diagnostic value of such fHR trace. 

 

Figure 42: Example of the filter settings on the resulting fHR traces corresponding to recordings r01 and r08. Four examples 

(A – D) of deviation from the reference FSE trace are illustrated by the fECG signals from given intervals estimated by 

ADALINE extraction system with three different settings. 
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6.5 Validation with the CTG tracing 

For the final validation of the proposed solution was carried out using the data acquired on the patient 

in 34th week of pregnancy. The dataset included the NI-fECG signal and CTG tracings captured 

simultaneously. The advantages of this approach are following: 

1) Choosing the best electrode placement and system configuration. By acquiring the real data and 

creating own dataset, the algorithms could be tested on the electrode placement and system 

configuration that showed the best results in our pilot experiments. This way, one can also 

ensure the quality of the aECG recordings suitable for the specific needs of the hybrid extraction 

system, face the drawbacks in different situations and optimize them based on that, and create 

a recommendation for the clinical usage. It is also a necessary step for designing a wearable 

monitoring device using the hybrid algorithms for the fECG extraction. 

2) Adjusting the NI-fECG fHR trace for clinical usage. Since the NI-fECG method is able to 

capture the heart rate variability more effectively than the CTG method due to the nature of 

CTG measurements and subsequent processing leading to significant approximations. However, 

the current FIGO recommendation is based on this CTG-based fHR curve so it is important to 

provide an option of adjusted fHR trace by means of averaging. 

3) Validation of the clinical feasibility. The validation was performed in the clinical practice by 

the gynecologist that applied NI-fECG method along with the CTG. The selected electrode 

deployment allows the CTG device to be used to validate the results in case the clinician decides 

to. This is important especially in the early stages of implementation of the method to the clinical 

practice since most of the professionals are used to CTG method.  

The results showed that the proposed hybrid system is able to extract the fECG signal accurately enough 

to determine the fHR trace of the same quality as the CTG method. Figure 43 shows an example of the 

fHR trace determined using the NI-fECG signal extracted by the hybrid system with ADALINE adaptive 

extraction block while Figure 44 shows the case of RLS-based system. Figure 45 provides the examples 

of the extracted fECG signals in given time interval. It can be noticed that both fHR trace follow the 

same trend as the CTG trace. However, there are some deviations from the CTG reference caused by 

the inaccurate extraction. Nevertheless, one should keep in mind that CTG signal undergoes several 

processing phases, including autocorrelation and averaging, therefore the resulting fHR traces will 

hardly ever have the same morphology.  

 

Figure 43: Comparison between the fHR trace from CTG device (black) and the one determined using the fECG signal extracted 

from NI-fECG signal by means of hybrid extraction system with ADALINE. 
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Figure 44: Comparison between the fHR trace from CTG device (black) and the one determined using the fECG signal extracted 

from NI-fECG signal by means of hybrid extraction system with standard RLS algorithm. 

 

 

 

Figure 45: Examples of the input signals of our dataset along with the fECG signals extracted by means of tested algorithms. 
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7 Conclusion and Future Directions 

This section aims to summarize and discuss the results introduced in this thesis. It also presents the 

remaining challenges and some promising future directions to increase the feasibility of the NI-fECG 

monitoring technique into clinical practice. 

7.1 Summary of Results and Insights 

The current method of electronic fetal monitoring, CTG, has many flaws and drawbacks that decrease 

its accuracy and credibility. According to the research community, the NI-fECG is among the most 

promising methods that could replace CTG in the clinical practice. To achieve this, the fECG signal 

obtained using NI-fECG must be of such quality to accurately determine the fetal heart rate variability, 

the parameter used for fetal health state assessment. Since the average fHR is determined using 

instantaneous fHR, the precise detection of fetal R waves is needed, which is associated with high 

demands on suppression of the maternal component and other noise (i.e. accurate fECG extraction).  

In recent years, there has been an increasing attention on fECG extraction systems, and a number of 

methods have been used by different researchers. This thesis introduced a hybrid extraction system 

composed of a combination of some of the commonly used approaches in fECG extraction. The solution 

uses the block comprising of the ICA algorithm that aims to estimate the mECG and also provides the 

aECG signal with suppressed maternal and enhanced fetal component. These two components are then 

used as inputs to the subsequent block with adaptive algorithm which produces the estimated fECG 

signal. The performance of five different adaptive extraction blocks was first tested and optimized on 

10 recordings with the reference fECG signal acquired by means of FSE and annotations. The 

functionality of the optimized hybrid system was validated on the dataset from clinical practice acquired 

simultaneously with the CTG reference. 

The performance of the hybrid system differed based on the adaptive system that was used in the fECG 

extraction block. LMS algorithm was used in three different versions of the extraction systems – the 

standard LMS-based system, Sign-Error LMS-based system, and ADALINE. The performance of these 

systems is similar, while ADALINE slightly outperforms the other systems in most of the tested cases. 

Its drawbacks are its complexity and associated computing time that are higher compared to the latter 

algorithms. Contrary, the Sign-Error LMS based system should theoretically offer highest computational 

speed with comparable results. Our tests, however, found both LMS-based systems equally fast while 

the extraction system using the standard LMS algorithm achieved better outcomes. 

The FTF algorithm shows either outstanding results or fails to extract the fECG component. Its 

undoubtable advantage is its speed, however, in turn, this algorithm shows instability in a large setting 

bandwidth compared to the standard RLS algorithm. The standard RLS algorithm on the other hand 

offers higher stability but is more complex and computationally demanding, especially when higher 

filter length is set. However, for the tests in unknown environment it is advantageous to use the RLS-

based system for its stability and effectivity for various filter settings. 
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7.2 Future Directions 

It is important to note that the optimization of the hybrid algorithm was carried out for one and only 

fetal position (vertex). However, this is the most common position in the late stage of pregnancy and 

during the labor and thus the most important one to be able to monitor. The future research should be 

focused on optimizing the hybrid system for the use in the earlier stages of pregnancy so the NI-fECG 

monitoring can be used during the regular examinations instead of the CTG method. 

The main feature that the current systems aim to extract is the fetal heart rate and its variability. 

However, the fECG signal carries valuable information in addition to the fHR. The morphology of the 

fECG waveform manifests the changes in fetal heart corresponding to severe pathological states, such 

as myocardial ischemia, intrapartum hypoxia, or metabolic acidosis. Enabling NI-fECG morphological 

analysis, including the non-invasive ST or QT interval analysis, could open new diagnostic possibilities. 

Nevertheless, this is conditioned by extremely precise fECG extraction. 

One of the future challenges will be proper training of the clinical staff. One of the common practices 

in medical staff training is by using simulation tools serving as an alternative to real patients. Such 

medical simulation allows the acquisition of clinical skills through deliberate practice. The team of 

authors therefore proposed a patent introducing a phantom of a pregnant woman including a synthetic 

signal generator producing authentic electrical potential that can be sensed on the surface of the maternal 

abdomen. The phantom can be connected to the commercially available NI-fECG devices co the staff 

can train on the technology available on their workload. Additionally, the generator can produce 

pathological signals so the trainee can learn how to react in extreme situations without the fear of 

harming the patient or the fetus. This also allows collecting the data and analyzing the decision making 

among different professionals. The data can be subsequently used for training algorithms and improving 

the current or developing new guidelines on intrapartum fetal monitoring. 
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Attachment A 

Optimization Graphs for the Selected Adaptive Algorithms 

 

 

 

Figure 1: Comparison of the results for recordings r01, r02, and r03. Left column from top to bottom: Front view of the 3D 

optimization graph for system using standard LMS algorithm tested on recordings r01, r02, and r03; b) Right row column from 

top to bottom: Top-down view of the 3D optimization graph for system using standard LMS algorithm tested on recordings 

r01, r02, and r03. 
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Figure 2: Comparison of the results for recordings r04, r05, and r06. Left column from top to bottom: Front view of the 3D 

optimization graph for system using standard LMS algorithm tested on recordings r04, r05, and r06; b) Right row column from 

top to bottom: Top-down view of the 3D optimization graph for system using standard LMS algorithm tested on recordings 

r04, r05, and r06. 
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Figure 3: Comparison of the results for recordings r07, r08, and r09. Left column from top to bottom: Front view of the 3D 

optimization graph for system using standard LMS algorithm tested on recordings r07, r08, and r09; b) Right row column from 

top to bottom: Top-down view of the 3D optimization graph for system using standard LMS algorithm tested on recordings 

r07, r08, and r09. 
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Figure 4: 3D optimization graph for system using standard LMS algorithm tested on recording r10. From left to right: Front 

view, right: top-down view of the 3D optimization graph. 

 

 

Figure 5: Comparison of the results for recordings r01 and r02. Left column from top to bottom: Front view of the 3D 

optimization graph for system using Sign-Error LMS algorithm tested on recordings r01 and r02; b) Right row column from 

top to bottom: Top-down view of the 3D optimization graph for system using Sign-Error LMS algorithm tested on recordings 

r01 and r02. 
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Figure 6: Comparison of the results for recordings r03, r04, and r05. Left column from top to bottom: Front view of the 3D 

optimization graph for system using Sign-Error LMS algorithm tested on recordings r03, r04, and r05; b) Right row column 

from top to bottom: Top-down view of the 3D optimization graph for system using Sign-Error LMS algorithm tested on 

recordings r03, r04, and r05. 
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Figure 7: Comparison of the results for recordings r06, r07, and r08. Left column from top to bottom: Front view of the 3D 

optimization graph for system using Sign-Error LMS algorithm tested on recordings r06, r07, and r08; b) Right row column 

from top to bottom: Top-down view of the 3D optimization graph for system using Sign-Error LMS algorithm tested on 

recordings r06, r07, and r08. 
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Figure 8: Comparison of the results for recordings r09 and r10. Left column from top to bottom: Front view of the 3D 

optimization graph for system using Sign-Error LMS algorithm tested on recordings r09 and r10; b) Right row column from 

top to bottom: Top-down view of the 3D optimization graph for system using Sign-Error LMS algorithm tested on recordings 

r09 and r10. 

 

Figure 9: 3D optimization graph for system using Fast Transversal RLS algorithm tested on recording r01. From left to right: 

Front view, right: top-down view of the 3D optimization graph. 
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Figure 10: Comparison of the results for recordings r02, r03, and r04. Left column from top to bottom: Front view of the 3D 

optimization graph for system using Fast Transversal RLS algorithm tested on recordings r02, r03, and r04; b) Right row 

column from top to bottom: Top-down view of the 3D optimization graph for system using Fast Transversal RLS algorithm 

tested on recordings r02, r03, and r04. 
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Figure 11: Comparison of the results for recordings r05, r06, and r07. Left column from top to bottom: Front view of the 3D 

optimization graph for system using Fast Transversal RLS algorithm tested on recordings r05, r06, and r07; b) Right row 

column from top to bottom: Top-down view of the 3D optimization graph for system using Fast Transversal RLS algorithm 

tested on recordings r05, r06, and r07. 
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Figure 12: Comparison of the results for recordings r08, r09, and r10. Left column from top to bottom: Front view of the 3D 

optimization graph for system using Fast Transversal RLS algorithm tested on recordings r08, r09, and r10; b) Right row 

column from top to bottom: Top-down view of the 3D optimization graph for system using Fast Transversal RLS algorithm 

tested on recordings r08, r09, and r10. 
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Figure 13: Comparison of the results for recordings r01, r02, and r03. Left column from top to bottom: Front view of the 3D 

optimization graph for system using standard RLS algorithm tested on recordings r01, r02, and r03; b) Right row column from 

top to bottom: Top-down view of the 3D optimization graph for system using standard RLS algorithm tested on recordings r01, 

r02, and r03. 
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Figure 14: Comparison of the results for recordings r04, r05, and r06. Left column from top to bottom: Front view of the 3D 

optimization graph for system using standard RLS algorithm tested on recordings r04, r05, and r06; b) Right row column from 

top to bottom: Top-down view of the 3D optimization graph for system using standard RLS algorithm tested on recordings r04, 

r05, and r06. 
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Figure 15: Comparison of the results for recordings r07, r08, and r09. Left column from top to bottom: Front view of the 3D 

optimization graph for system using standard RLS algorithm tested on recordings r07, r08, and r09; b) Right row column from 

top to bottom: Top-down view of the 3D optimization graph for system using standard RLS algorithm tested on recordings r07, 

r08, and r09. 
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Figure 16: 3D optimization graph for system using Standard RLS algorithm tested on recording r10. From left to right: Front 

view, right: top-down view of the 3D optimization graph. 

 

 

Figure 17: Comparison of the results for recordings r01 and r02. Left column from top to bottom: Front view of the 3D 

optimization graph for system using ADALINE tested on recordings r01 and r02; b) Right row column from top to bottom: 

Top-down view of the 3D optimization graph for system using ADALINE algorithm tested on recordings r01 and r02. 
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Figure 18: Comparison of the results for recordings r04, r05, and r06. Left column from top to bottom: Front view of the 3D 

optimization graph for system using ADALINE tested on recordings r07, r08, and r09; b) Right row column from top to bottom: 

Top-down view of the 3D optimization graph for system using ADALINE tested on recordings r07, r08, and r09. 
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Figure 19: Comparison of the results for recordings r07, r08, and r09. Left column from top to bottom: Front view of the 3D 

optimization graph for system using ADALINE tested on recordings r07, r08, and r09; b) Right row column from top to bottom: 

Top-down view of the 3D optimization graph for system using ADALINE tested on recordings r07, r08, and r09. 
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Figure 20: 3D optimization graph for system using ADALINE tested on recording r10. From left to right: Front view, right: 

top-down view of the 3D optimization graph. 
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Attachment B 

Examples of the input signals for selected recordings. 

 

 

 

 

Figure 21: Examples of estimated maternal and abdominal signals used as inputs for adaptive extraction block.  
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Figure 22: Examples of the abdominal and reference FSE ECG signals used as input to ICA block for all tested recordings. 
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Attachment C 

Examples of fetal heart rate traces for the tested NI-fECG systems. 

 

 

Figure 23: Examples of the fHR traces extracted by means of LMS-based techniques. From u 
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Figure 24: Examples of the fHR traces extracted by means of RLS-based techniques.  

 

   

             

          

   

   

   

   

   

   

  
 
  
 
 
 

 

       

   

   

       

   

             

          

   

   

   

   

   

  
 
  
 
 
 

 

   

       

   


