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Abdominal electrocardiogram (aECG) can be used to monitor fetal heart rate
(fHR), providing critical insights into fetal health during pregnancy.
However, separating the mixed signals of fetal ECG (fECG) and maternal
ECG (mECG) within the aECG remains a critical challenge. This paper
investigates the integration of statistical metrics, including signal-to-noise
ratio (SNR), skewness, kurtosis, standard deviation, and variance to assess
fECG signal quality during extraction using three adaptive filtering metods
((Least mean square (LMS), normalized LMS (NLMS), and recursive least
square (RLS)) and independent component analysis (ICA). The findings
reveal that RLS achieves the best performance among the three AF methods,
with the highest SNR of 5.6 dB at the step size, p of 0.9. For ICA with a
bandpass Chebyshev filter (low-cut frequency = 1 Hz, high-cut frequency =
50 Hz) produces an SNR of 0.86 dB. Additionally, both RLS and ICA yield
similar fHR values of 133 bpm with a PE measurement of 0.9%. In
conclusion, integrating statistical metrics with ICA and RLS effectively
extracts fECG with good signal quality. Future research could explore other
ECG datasets and incorporate machine learning to further improve fECG
extraction and signal quality assessment.
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1. INTRODUCTION

An electrocardiogram (ECG) is best known for its applicability in recording the electrical activity of
cardiac [1]. It traces the entire cycle of electrical impulses as they travel through the cardiac muscle during
contraction and relaxation. The illustration in Figure 1 displays the ECG signal waveform generated by a
single heartbeat, highlighting its distinct components: the P wave, QRS complex, T wave, and ST segment.
Each of these elements represents a specific phase of cardiac activity, and a detailed analysis of their
variations provides crucial insights into the heart's health [2]. By examining the alterations in these
waveforms, healthcare professionals can uncover potential cardiovascular issues and better understand the
functioning of the heart during different stages of its rhythm.

The ECG is a crucial tool in monitoring the health status of a developing fetus. Recent research has
focused on the challenging task of isolating the fetal ECG (fECG) signal from the abdominal ECG (aECQG)
signal, which includes contributions from both the maternal ECG (mECG) and the fetus. This procedure
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holds significant importance as the extracted fECG signal can be processed and analyzed to assess the well-
being of the fetus during pregnancy. The challenge lies in the fact that the fECG signal often resembles the
mECG signal due to its overlapping characteristics in both frequency and temporal domains. This overlap
leads to the production of strikingly similar waveforms, making it difficult to distinguish between the two
signals. As a result, accurately recognizing and isolating the fECG from the mECG becomes a complex task,
complicating analysis and interpretation in clinical settings [3]. During pregnancy, the fetal’s heart beats
significantly faster than the mother’s heart. Typically, the fetal heart rate (fFHR) ranges from 110 to 160 beat-
per-minute (bpm) [4], whereas maternal heart rate (mHR) generally falls between 70 and 90 bpm [5].
Therefore, suitable techniques and strategies must be employed to successfully isolate and separate the fetal
signal from maternal interference.

Qs

P Wave QRS Complex T Wave

Figure 1. An ECG signal waveform of one heartbeat [1]

The study by Siew et al. [7] demonstrated that the ensemble Kalman filter (EnKF) effectively
extracts fECG from single-channel ECG, outperforming the extended Kalman filter (EKF) in accuracy [6]. In
another study, a combination of Butterworth and Savitzky-Golay filters was used for mECG extraction, with
the Savitzky-Golay filter also applied for fECG extraction. A comparative study by Gan et al. [8]
comparative study on the use of Chebyshev Type 1 and Butterworth filters showed that Chebyshev Type 1
proved more effective in extracting the fECG signal. Recent findings of Jeba et al. [9] introduced a time-
frequency analysis algorithm that employed the Stockwell transform and Shannon Energy Entropy to identify
maternal peaks. This approach allows for fECG signal extraction even in cases of overlapping beats without
extensive preprocessing. The algorithm applied the Stockwell transform as a time-frequency tool along with
Shannon Energy Entropy to identify maternal peaks, while the S-transform was used to identify fetal peaks.
This method enhanced performance in the time-frequency domain, effectively identifying both maternal and
fetal peaks, and eliminated the need for explicit preprocessing.

Blind source separation (BSS) is a computational technique that isolates the mixed signals without
having to acquire prior knowledge of the original signals [10]. Independent component analysis (ICA) and
principal component analysis (PCA) are the two most popular methods of BSS in extracting mixed signals. In
a major study by Taha and Raheem [11], a novel algorithm known as the null space idempotent
transformation matrix (NSITM) was developed to extract fetal electrocardiogram (fECG) signals from
maternal abdominal recordings using the BSS approach. This algorithm calculated an intrinsic temporal
matrix (W) from the initial ECG input and estimated the raw fECG and mECG signals from the null space of
W. The clean fECG signal was obtained by eliminating the interfering mECG component from the raw fECG
signal. Similarly, Ramli et al. [12] conducted a comparative study to assess the effectiveness of various BSS
algorithms, including fast fixed-point for ICA (FastICA), joint approximate diagonalization eigenmatrix
(JADE), and PCA, for extracting fECG signals from maternal abdominal recordings. Despite requiring fine-
tuning, FastICA achieved comparable accuracy to JADE and exhibited greater flexibility in handling low-
quality input signals.

In another approach, ICA was combined with singular value decomposition (SVD) for fECG signal
extraction [13]. Initially, SVD provided approximations of fECG estimates, but these contained noise and
missing waveforms. FastICA then utilized mECG signals to separate noise from the fECG, effectively
reducing residual noise in the fECG signals and addressing the issue of missing waveforms. Several
researchers have explored adaptive filter-based (AF) approaches for extracting the fECG signal [14].
Ranjanikar et al. [15] proposed a comprehensive model that used adaptive noise cancellation to remove
background artefacts and noise from fECG signals, enabling the extraction of fECG and the computation of
fHR. Kahankova et al. [16] focused on optimizing AF control parameters to achieve more efficient and
accurate non-invasive extraction of the fECG signal.
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On the other hand, Al-Sheikh et al. [17] proposed a new AF algorithm named the discrete wavelet
transform recursive inverse (DWT-RI) for fECG signal extraction from the aECG signal. The proposed
algorithm effectively suppressed mECG projections and extracted fECG components from the aECG signal.
The performance of the proposed algorithm was evaluated against other traditional AF algorithms, including
least mean square (LMS), recursive least square (RLS), and RI, using both synthetic and actual clinical data.
The results demonstrate that the DWT-RI AF algorithm outperforms other algorithms' accuracy and positive
predictivity, making it a promising tool for fECG extraction. Using this approach, researchers have been able
to perform the fECG signal extraction efficiently, demonstrating its versatility and robustness across different
research contexts [18]-[20].

While these techniques have demonstrated potential, they often rely on specific algorithmic
assumptions and do not fully utilize statistical measures like signal-to-noise ratio (SNR), kurtosis, and
variance, which could offer deeper insights into signal quality and stability. This gap highlights the need for
methodologies that systematically integrate statistical metrics with advanced signal processing to optimize
the separation of fECG from mECG, particularly in noisy or low-quality datasets. This study aims to bridge
this gap by comparing two prominent methodologies, namely adaptive filtering (AF) and ICA, through a
statistical analysis framework. AF is valued for its computational simplicity, and its performance will be
assessed using three algorithms: LMS, Normalized LMS (NLMS), and RLS. On the other hand, ICA excels
at separating independent components from mixed signals. By incorporating statistical measures such as
SNR, kurtosis, and variance, this study seeks to evaluate and enhance the effectiveness of these methods for
fECG extraction. The fECG signals analyzed in this study are sourced from the database for the identification
of systems (DAISY) and processed using Python and MATLAB software.

Briefly, Section 1 provides an overview of the topic and reviews recent advances in fECG signal
extraction methodologies. Section 2 details the materials and methodology, section 3 presents the results and
discussion of the signal quality analysis, and section 4 concludes the study with key findings and
recommendations for future research. By combining statistical insights with proven signal processing
methods, this research aims to improve the reliability, accuracy, and clinical applicability of fECG extraction
techniques.

2. RESEARCH METHOD

The methodology adopted in this study follows a sequential and structured order. First, the DAISY
ECG dataset used for the experiments is described in section 2.1. Section 2.2 outlines the simulation tools
and preprocessing techniques applied to prepare the ECG data for analysis. Following this, section 2.3 details
the application of AF and ICA to separate the fECG and mECG signals from the aECG recordings. Finally,
section 2.4 presents the statistical methods used to assess the quality of the extracted fECG signals.

2.1. Database selection

DAISY database was chosen for this study [21]. It is an online dataset comprising various data
categories such as biomedical systems, electrical and electronic systems, biochemical systems, and mechanical
systems that are available to be used by researchers. This study obtained a set of ECG recordings for the fECG
signal separation. It is a 10-second cutaneous potential recording of a pregnant woman consisting of eight
channels, where channels Al to A5 are aECG signals and channels T6 to T8 are thoracic ECG (tECG) signals.
The number of samples for this ECG dataset is 2500, which gives the sampling frequency at 250 Hz. Figure 2
displays the plotted ECG channels from the DAISY dataset. For the AF method, only channels Al
(representing aECG) and T8 (representing tECG) were used for analysis, as this combination yielded the most
significant results. On the other hand, all channels were employed in the ICA analysis.

2.2. Simulation tools and data pre-processing

This study employed Python and MATLAB as simulation tools to run the experiments. The purpose
of utilizing two different tools is to explore their capabilities for simulating biomedical engineering
applications. PyCharm 2022.3.1 (Community edition) [22] and MATLAB 2024b [23] were used to conduct
the statistical analysis for the fECG signal extraction. The AF method was performed using Python, whereas
the ICA approach was carried out using MATLAB 2024b.

Prior to extracting the fECG signal, the aECG data were preprocessed with the use of various filters
and frequencies for data cleaning. Five bandpass filters, namely Butterworth, Chebyshev Type | and Type II,
Elliptic, and Bessel, were tried out using two low-cut frequencies (fLow), 0.5 Hz and 1 Hz, and two high-cut
frequencies (fuign), 45 Hz and 50 Hz. To identify the best filter, the SNR analysis was implemented. From the
combination of filter testings (the complete results are not shown here), the final chosen filter was the
bandpass Chebyshev Type Il with fLew=1 Hz and fuigh = 50 Hz. This is because it shows the most optimal
SNR results compared to other filters.

Fetal electrocardiogram extraction and signal quality assessment using statistical method (Li Mun Ng)
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Figure 2. The plotting of all the ECG channels from the DAISY database with f =250 Hz

2.3. AF and ICA implementation

AF is a digital filter with self-adjusting properties [24]. Figure 3 illustrates the general block
diagram of an AF containing a primary signal (aECG signal), d, and a reference signal (tECG signal), u, as an
input to be processed by the AF, which yields an estimate of output (MECG signal), y. An estimation error
(fFECG signal), e, will be obtained after the subtraction of d and y, giving the system output. The general
equation of the AF is expressed in (1). Three AF algorithms will be compared, namely LMS, normalized
LMS (NLMS), and RLS, to improve the performance of signal extraction.

Step size, |, is a crucial parameter that controls the rate at which the filter coefficients are updated
[25]. It determines how much of the new information is incorporated into the filter's response and how
quickly the filter adapts to changes in the input signal. A more significant step size leads to faster adaptation,
meaning the filter responds more rapidly to changes in the input signal. However, a more significant step size
can also lead to instability and oscillations in the filter's output. Conversely, a smaller step size leads to
slower adaptation, providing more excellent stability and reducing the risk of oscillations. Different step sizes
were investigated in this study when applying AF for fECG signal extraction.

e(d) = d®)—-y® 1)

Primary
signal

/ “Va

Reference u Adaptive - e System
signal filter — output

/ -

Figure 3. Adaptive filter block diagram [26]

Y

LMS, NLMS, and RLS are the conventional AFs commonly used in signal separation procedures to
minimize the error between the desired output and the actual output [26]. The LMS algorithm is one of the
most widely used and studied AFs, primarily due to its simplicity, low memory requirements, and
computational efficiency. Its update rule follows a gradient-descent approach, adjusting filter coefficients
based on the error between the desired signal and the actual output as formulated in (2). i represents the
number of iterations. w(i+1) is the estimate of tap-weight vector (at time n+1) whereas w(i) is the tap-weight
vector. The estimation error signal with complex conjugation is denoted as e*, and lastly, d(i) is the input
signal.

w(+1) =w(@) + pe*()d(@) (2)
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NLMS is an extension of LMS that normalizes the step size to improve convergence stability faced
by LMS [27]. By normalizing, the algorithm adapts to variations in the power of the input signal, which
improves performance in cases of non-stationary signals as presented in (3), where i means the positive real
scaling factor and ||d(i)|| is the Euclidean norm of the adaptive tap-input vector, d(i).

wi+1) =wd) + (’;”2 e*()d (i) (3)

Meanwhile, RLS is a more advanced AF algorithm that recursively minimizes the least squares
error. Unlike LMS and NLMS, RLS takes into account all previous error values (not just the current one),
which allows for faster convergence and better performance with non-stationary signals. The update rule
involves an inverse correlation matrix as provided in (4), where k(i) is the gain vector and &*(i) is the
estimation error of RLS.

w(@) = w(i —1) + k@D (@) (4)

Figure 4 shows the overall framework of fECG signal extraction with statistical analysis using AF
(Figure 4(a)) and ICA (Figure 4(b)). First, the operation of AF is initiated by loading the DAISY ECG
dataset, consisting of both aECG and tECG signals as inputs. These ECG signals had been pre-processed as
mentioned in section 2.2. Next, the LMS AF was initialized, and p was set to 0.1. The AF would run with the
aECG signal as the primary signal, d, and the tECG signal (reference signal) as u. The estimated mECG
signal, y, would be generated after going through the AF mechanism. Then, a deduction occurred between d
and y that would produce the e signal, the desired fECG signal extracted as the system output at the end of
the process. To enhance the estimated e signal, a post-processing step was performed, which involved the use
of a high-pass Butterworth filter followed by wavelet denoising using a Daubechies-6 (db6) wavelet. The
final step would be the calculation of the filtered fHR and its statistical metrics. This process was then
repeated for various step sizes, ranging from p = 0.001 to 0.9. Additionally, the same procedure was applied
to two other AF algorithms, NLMS and RLS, respectively.

START
START

Import DAISY ECG dataset

¥ Import DAISY ECG dataset
Pre-process DAISY ECG signals with bandpass filters !
(Butterworth, Chebyshev Type I & 11, Elliptic, and Bessel)
Jiow (0.5 Hzand 1 Hz) and f;,, (45 Hz and 50 Hz) Pre-process DAISY ECG signals with bandpass filters
(Butterworth, Chebyshev Type I & I, Elliptic, and Bessel)
I Initialise an adaptive filter (LMS, NLMS, and RLS) I Jiow (0.5 Hzand 1 Hz) and fyy,,, (45 Hz and 50 Hz)
! '
Set step size, u (0.9, 0.5, 0.1, 0.01, 0.001 I . . .
l ot step size, i { T ) Load DAISY ECG dataset as input X
Run the adaptive filter with the following inputs: 1
d = aBECG and u = tECG Initialise ICA to matrix X
: !

Extract the estimated mECG signal, y and . . .
the estimation error signal (fECG), ¢, as output Estimate and update the mixing matrix A

7 ]
Post-process estimated fECG signals with high-pass
Butterworth filter Daubechies-6 (db6) wavelet

Generate ICA components Z as the output

T !
Calculate the filtered fHR (bpm) for the fECG signals and its Calculate the fHR (bpm) for the fECG signals and its statistical
statistical metrics (SNR, skewness, kurtosis, variance, and metrics (SNR, skewness, kurtosis, variance, and standard
standard deviation) deviation)
END END
(a) (b)

Figure 4. Process of fECG signal extraction (a) using AF in PyCharm and (b) using ICA in MATLAB 2024
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In contrast to AF, ICA is a statistical technique that seeks to uncover the underlying structure of
complex data by decomposing it into a set of statistically independent components [28]. The formula for ICA
is expressed in (5), where Z is the matrix of ICA components, A is the ICA mixing matrix, and X is the
matrix of ECG signals (aECG signal). This equation represents the core operation of ICA; the input aECG
signals, X, are first transformed into independent components, Z, using the ICA mixing matrix, A. The
independent components are then separated, generating the final output, the extracted fECG signal, Z.

Z=Ax%X )

The process of the ICA application in MATLAB is shown in Figure 4(b). The process of fECG
signal extraction began with the use of the DAISY ECG dataset that had been preprocessed as input X. The
ICA was then initialized to input X. Mixing matrix A would be estimated and updated, leading to Z as the
overall output, representing the fECG signal extracted. The next step was calculating the fHR and its
statistical measurements. HR is calculated by using the formula presented in (6). The final step was to obtain
the statistical analysis after each iteration performed by ICA.

60
RR—intervals (in seconds)

Heart rate, HR (bpm) =

(6)

2.4. Statistical methods for signal quality

In signal processing, SNR measures the level of the desired signal relative to the background noise.
A higher SNR indicates a clearer and more distinct signal, while a lower SNR suggests that the signal is more
obscured by noise. Standard deviation, ¢ quantifies the spread of data around the mean, x. A lower ¢, means
the data points are closer to the X, while a higher value indicates greater dispersion. When squaring the
standard deviation and it becomes variance, 2. Meanwhile, o2 plays a crucial role in assessing the spread or
dispersion of a signal's amplitude around its g value. It is a statistical measure that quantifies the signal’s
energy distribution and provides insights into the signal’s characteristics. Skewness, y; measures the
asymmetrical data. A positive skewness indicates that the ECG signal’s tail is longer on the right side than the
left, while a skewness of zero represents a symmetric signal. Kurtosis, y, describes how peaked or flat the
data distribution is compared to a normal distribution. High kurtosis signals have a sharp peak near the mean
with heavy tails, while low kurtosis signals are flatter and less peaked. Let ECG signals be denoted by x with
N as sample points, and these statistical measurements were expressed in (7) to (11), respectively.

. 2

Signal — to — Noise Ratio, SNR = 10.log;, (SALIQOTSZIZ) (7
Standard Deviation, o = ﬁ N lx; — x)? 8
Variance, 6% = %Z?’:l(xi - x)? ©)
Skewness,y; = % §V=1(xiT_f)3 (10)
Kurtosis, y, =% ?’:1(xiT_f)4 (1)

Since the DAISY database did not provide the real values of fHR and mHR, the results from this
study were compared with the estimated fHR (135 bpm) retrieved from [29] using percentage error (PE)
analysis. The corresponding formula is expressed in (12), where calculated HR represents the extracted fECG
heart rate obtained from this study, whereas reference HR is obtained from [10].

Calculated HR—Reference HR
Reference HR

PE = | X 100 %| (12)

3. RESULTS AND DISCUSSION

This study investigated the effects of comparing two methodologies, namely AF and ICA, within a
statistical analysis framework to extract the fECG signals. While earlier studies have explored the application
of various signal separation algorithms, they often rely on specific algorithmic assumptions. However, they
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have not explicitly addressed the influence of statistical measures such as SNR, kurtosis, and variance, which
can provide more objective and quantitative insights into signal quality and stability.

To begin with, the signal extraction results are displayed in Figure 5 for the first (Al) and eighth
(T8) channels of the DAISY ECG dataset after employing the AF. The Al and T8 channels represent the
primary signal, d, and reference signal, u. After evaluating other channels’ combinations, only this pair of
channels could output a satisfactory result (in terms of fetal bpm). Figure 5(a) displays the estimation of the
mECG signal after passing the RLS, whereas Figure 5(b) depicts the extracted fECG signal, which has been
post-processed using a high-pass filter and wavelet denoise to remove the residual noise to enhance the fECG
signal waveform. Furthermore, incorporating a post-processing stage for signal enhancement would further
refine the extracted fECG signal quality, enable more accurate interpretations, and enhance fetal well-being
monitoring.

Estimation of mECG 5ignal (T8) after Adaptive Filtering
U [=<ii] J
u <00
B
—5- i)
g - WJ- oy mw MM \ m‘JrM‘/owwqﬁﬁur
J Time {seconds}l ' :
(a)
Lazracted [LOG Signal with Oetacied B Peake afber Post processing (1)
[T b 4 J I i [ ]
‘ -‘.“fﬁ.-'~]| L e B ey R’ VR (el | B B IR Y I..I“r'-"— _— —ﬂlr‘m«‘l ) | e )
| r W v : | ‘r
-1 | | t

(b)

Figure 5. Signal extraction results for (a) the estimated mECG (T8) signal, y, after going through AF and
(b) the post-processing of the extracted fECG signal, e (Al)

The AF results are summarized in Table 1, showcasing the extraction of fECG signals using various
step sizes (1 = 0.001 to 0.9). The table also presents statistical measurements, estimated fHR readings, and
the analysis of heart rate discrepancies using the PE formula. The signal quality assessment for LMS, NLMS,
and RLS filters was evaluated using SNR, skewness, kurtosis, variance, standard deviation, R-peak detection,
and fHR. The SNR of the LMS filter improved to 4.61 dB at a step size of 0.01, while the RLS filter achieved
the highest SNR of 5.6 dB at 0.9, showing its superior noise reduction. Skewness and kurtosis varied across
filters, with the RLS filter providing stable results and minimal waveform distortion at larger step sizes.
Although the LMS filter consistently detected all R-peaks with minimal PE (1.64%), it could not compute
any heartbeat when using a bigger step size (iu = 0.9), thus resulting in a null result. Meanwhile, the RLS
filter at step size 0.9 achieved the lowest PE (0.92%), showcasing a robust R-peak detection. On the contrary,
the NLMS filter showed reduced accuracy and increasing signal distortion at higher step sizes. Overall, from
the signal quality assessment, the RLS filter demonstrated the best balance between noise reduction and
fECG signal preservation, especially when the step size is large.

On the other hand, Figure 6 shows the extraction results of ICA from the DAISY ECG dataset.
Signal quality assessment-based statistical measurements and the fHR computation results were tabulated in
Table 2. The table highlights the effects of varying fLow and frigh filter settings on ECG Channel A2 before

Fetal electrocardiogram extraction and signal quality assessment using statistical method (Li Mun Ng)
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and after applying ICA. The HR before ICA was consistent at 81.73 bpm, with 22 R-peaks detected across all
settings, resulting in a stable mean fHR of 133.77 bpm and minimal PE (0.91%). The SNR improved slightly
after ICA, reaching a maximum of 0.86 dB with filters set to 0.5 to 50 Hz or 1 to 50 Hz. Skewness and
kurtosis values showed moderate deviations, with skewness peaking at 1.35 (1 to 45 Hz) and kurtosis ranging
from 9.42 to 10.36. Variance and standard deviation remained stable, suggesting minimal impact on signal
amplitude. Overall, filters with higher fuigh (50 Hz) provided optimal noise reduction and signal preservation,
confirming the effectiveness of ICA in fECG signal extraction.

Table 1. Signal quality assessment using AF. Note: Primary signal, d=A1, reference signal, y=T8

AF filter LMS NLMS RLS
Step size (u) 0.001 0.01 0.9 0.1 0.5 0.9 0.1 0.5 0.9
HR before AF (bpm) 84
SNR before AF (dB) -5.74
SNR after AF (dB) 2.93 461 N/A - -1.15 -3.62 -527 -413 141 5.6
Y1 -2.01 2.35 N/A 3.89 2.74 3.17 -4.17 0.36 0.25
Y2 38.70 4825 N/A 6164 7035 7811 17743 47.76 12.06
o? 0.29 0.18 N/A 0.98 1.70 242 1.23 0.27 0.08
o 0.54 0.42 N/A 0.99 130 156 111 0.52 0.29
Fetal R-peak 23 23 0 20 14 9 19 22 22
fHR after AF (bpm) 137.21 13727 N/A 11955 8159 6030 11578 131.14 133.76
PE (%) 1.64 1.68 N/A 1144 3956 5533 14.24 2.86 0.92

It was observed that the signal quality assessment results correlated well with the accuracy of the
extracted fECG signals when compared to the reference fHR. Both methods demonstrated the capability to
extract fECG signals, yielding similar percentages of error in fHR values. However, the AF method produced
slightly higher SNR values, indicating marginally better signal clarity under the evaluated conditions. The
importance of assessing signal quality is worth noting to avoid meaningless interpretation of the results
involving AF techniques. This was proven when only one combination of channels (Al and T8) was possible
when extracting the fECG signal using the AF approach. Likewise, even though the ICA method could
perform signal extraction for all channels, only channel A2 exhibited the best result for fHR, which is close
to the reference HR.

IC2 of fECG extracted after ICA (A2 channel with R-peak detected)

J ] NN
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Figure 6. The extracted fECG signal after applying ICA from the A2 channel, with r-peaks detected

Table 2. Signal quality assessment-based statistical measurements using ICA

ECG Low-Cut Off (fL,w) Before HR SNR After  SNR Y1 Y2 a o? Fetal Mean

Channel and High Cutoff ICA (bpm) (dB) ICA (dB) R-Peak  fHR
Frequency (fuign) (bpm)

(Hz)

A2 0.5and 45 81.73 0.71 0.79 124 942 131 0.16 22 133.77
1and 45 81.73 0.71 0.85 135 1036 131 0.15 22 133.77
0.5 and 50 81.73 0.71 086 127 1029 132 018 22  133.77
1and 50 81.73 0.70 0.86 1.27 103 131 0.18 22 133.77

PE 0.91

(%)

A detailed examination of the results from both AF and ICA suggests significant differences in their
effectiveness for fECG extraction, particularly when supported by integrated statistical analysis. AF relies on
the reference channel, T8, which is utilized in an iterative noise-reduction process. This approach is notably
effective for extracting fECG when the reference channel strongly correlates with the target fetal signal. In
contrast, ICA adopts a different strategy by implementing BSS, which operates on the principle of statistical
independence rather than utilizing a reference channel.
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This study explored a comprehensive method of integrating statistical measures such as SNR,
kurtosis, and variance further enhances the selection of the optimal method and channel for fECG extraction.
For example, the SNR helps identify channels with higher signal clarity and lower noise interference, while
kurtosis and variance provide insights into signal distribution and stability, enabling the identification of
channels with unique and distinguishable signal characteristics. By applying these statistical assessments, the
suitability of channels like T8 and Al for AF or A2 for ICA can be systematically validated. However,
further and in-depth studies may be needed to ensure a more accurate and reliable fECG extraction process
tailored to the specific characteristics of the data.

This study demonstrates the applicability of both AF and ICA for fECG signal extraction. However,
the dataset used involved only a single subject and lacked a reference fHR, limiting its use for clinical
validation. These factors suggest that the dataset is more suitable for simulation purposes rather than a robust
comparison analysis. Another limitation found is the contribution of fetal signals in the thoracic channel.
Although not directly visible, the fetal signals can still be detected in tECGs due to their proximity to the
abdominal region, despite being weaker. Future studies may explore the performance of these methods using
larger, multi-subject datasets with annotated reference signals, as well as investigate feasible ways of
improving simulation-based evaluation frameworks when real clinical references are unavailable.

4. CONCLUSION

In conclusion, the integration of statistical analysis with AF and ICA enabled the successful
extraction of the fECG signal with optimal quality, showcasing the effectiveness of this approach in
enhancing signal clarity. This study has demonstrated that the RLS algorithm outperformed the LMS and
NLMS algorithms in fECG extraction, achieving the optimal results for AF. Given the importance of
accurate HR measurement in medical settings, the lower error rate of ICA and RLS of AF makes it an
appropriate choice for clinical applications, thus making the fECG signal achievable. It is essential to
understand that there are no one-size-fits-all solutions, as not all the ECG channels from the DAISY dataset
can use the same filter specifications for fECG signal separation. This is evident in the AF approach, where
an additional step was necessary to post-process the estimated fECG signal after extraction to enhance the
signal quality. Expanding the current study by comparing the obtained results with a broader range of ECG
datasets is highly recommended for future research. Additionally, investigating the performance of AF and
ICA in fECG signal separation using single-channel and multi-channel approaches would provide valuable
insights. Future research could also explore emerging signal separation techniques with a combination of
machine-learning approaches for robust fetal extraction and signal quality assessment.
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