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Non-invasive maternal electrocardiogram recording is the least unpleasant
method to record a weak fetal electrocardiogram signal. The importance of this
recording lies in the fact that it reveals crucial information about the fetal
health state, especially during the last four weeks of pregnancy. This paper will
be concerned with a new adaptive algorithm, namely the generalized recursive
algorithm, to isolate and get the fetal electrocardiogram from the abdominal
maternal electrocardiogram. This is achieved using a non-invasive method for
bi-channel maternal electrocardiogram recordings i.e., with the thoracic
maternal electrocardiogram as a reference signal, and the abdominal maternal
electrocardiogram as a primary signal. Prior to this procedure, the discrete
wavelet transform (DWT) method is applied to the abdominal
electrocardiogram signal to clean it from any additive noise and the baseline
wandering that is generally present on the raw recordings. The proposed new
adaptive filter is shown to deliver improved characteristics through
simulations. These simulations were performed on both synthetic and actual
signals. This work was compared with the normalized least mean square
algorithm.

This is an open access article under the CC BY-SA license.

Recursive algorithm

Corresponding Author:

©0

Signal Processing and Image Laboratory (LATSI), Electronics Department, Faculty of Technology, Blida
University 1

Blida, Algeria

Email: kaoula_ikram@univ-blida.dz

1. INTRODUCTION

The fetal electrocardiogram (ECG) measures the fetus heart electrical activity and shows the pattern
of the heartbeats. Monitoring the heart rate is a way to assess fetus well-being as it contains important
information on the state of the fetus [1], [2]. The usual common methods to diagnose the fetus state can be
invasive or non-invasive. In the invasive method, the recordings are gathered by positioning the electrodes
directly on the fetus scalp during delivery, but this method is inconvenient and uncomfortable [3]. In the non-
invasive monitoring method, the fetus ECG can be captured from the mother’s abdomen. It is characterized
by the higher mother ECG amplitude with respect to the mixed and weak fetal ECG signal, hence the
necessity to separate them [4], [5].

Several methods have been used to isolate the fetal ECG from maternal ECG recordings; numerous
methods use a multimodal approach in which the ECG recordings are used in addition to the
phonocardiography (PCG), based on the recording of the fetal heart sounds and murmurs [6], fetal
magnetocardiography (fMCG), where the natural magnetic signals coming from the fetal heart rhythm are
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recording [7] or fetal pulsed-wave doppler (PWD) [8]. Other works have been based only on maternal ECG
recordings for non-invasive methods [9].

Several methodologies have been suggested for the isolation and retrieving of sources via the
multichannel mother ECG recordings method or by the single mother abdomen ECG signal method. The
multichannel method consists on the separation of fetal ECG (FECG) from numerous abdominal mother ECG
(MECG) registrations; Tavoosi et al. [10] proposed a combination of two blind sources separation (BSS)
algorithms, fast independent component analysis (FastICA) and time-frequency BSS to separate the FECG after
estimating the source signals from recorded signals. A deep learning approach has been used in [11] by
removing the MECG as the first step, then by denoising the multichannel FECG. Another multichannel method
has been presented in [12], in which the authors proceed in two steps, the preprocessing is used preliminarily
before the classification step. The spectrogram, which is obtained in the preprocessing step by using the
short-time Fourier transform, is transferred to a 2D convolutional neural network (CNN) to be classified.

The objective of the single channel method is using only one recording of abdominal MECG
(aMECG) in order to have the FECG separated. The method suggested in [13] consists on the simultaneous
extraction of MECG and FECG, applying the Dual-path source separation architecture (DPSS). They first
proceeded on denoising the abdominal MECG signals with a generative dual-path long short-term memory
(DP-LSTM) network, then they combined FECG and MECG components to obtain the masking maps
through a series of (DP-LSTM) maps, and they applied these masking maps on the abdominal ECG recording
as the last step to differentiate between the MECG and FECG signals. The end-to-end deep learning network
using W-net was adopted in [14] to obtain the FECG, using an actual abdominal MECG recording.
A combination of several methods was used in [15], in which independent component analysis (ICA),
convolutional neural network (CNN) and singular value decomposition (SVD) have been associated in order
to sort the FECG from a single aMECG recording.

In addition to those methods adopted to get the FECG from MECG, adaptive filter algorithms were
also used in several other works. The recursive least squares (RLS) and least mean squares (LMS) have been
combined with a single reference generation block to obtain an input mode adaptive filter (IMAF) and output
mode adaptive filter (OMAF) in [16], where the aMECG serves as the IMAF’s input, whereas the signal
generated by the BSS block represents the input of the OMAF according to the location of the MECG.
Barnova et al. [17] combined ICA, RLS and ensemble empirical mode decomposition (EEMD) to extract the
FECG; they proceeded in several steps, initially they used ICA to decompose the aMECG, only two signals
with three ICA components were used for the rest of the training; the MECG was the first component,
followed by the FECG, mixed with a weak MECG. These two signals served as the RLS system input, and in
order to enhance the separation of the FECG, they applied the EEMD method as the final block system. The
method proposed in [18] is composed of two stages, the neuro-fuzzy inference system (ANFIS) was applied
to get the reference of the adaptive noise canceler (ANC) from the aMECG as the first stage; to extract the
fetal ECG, the parallel sub-filter (PSF) was proposed as the last stage. This work suggests a novel adaptive
algorithm, which is referred to as the generalized recursive algorithm (GRA) built on minimizing a measure
of the accumulated and of any kth power of the absolute observed error. This algorithm was applied to get the
FECG, exploiting the abdominal and thoracic mother’s ECG.

2. THE PROPOSED METHOD

The proposed GRA algorithm is developed according to the diagram in Figure 1. This approach
necessitates two sources d(n), and x(n), the primary signal is the maternal abdominal ECG (aECG) recording,
containing the mixed maternal and fetal ECGs and a secondary ECG signal, namely the reference signal
captured at the mother’s chest. Within the primary signal, the dominant signal is the MECG. These two
signals, the maternal ECG and fetal ECG, are uncorrelated.

d(l) Primary signal (Abdominal signal) .f \ > e(l)
\ j Output signal
-a (Estimated Foetal ECG)
4 .
N — / w(i) 10
x(l) Reference signal / \ 4

(Thoracic signal)

GRA

Figure 1. Model of the GRA algorithm
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Figure 1 represents the basic GRA system where the input x (i) is of length | and the output is given
by the error e(i), w is the filter weights vector and is of length I. The proposed algorithm aims at minimizing
a cost function based on any power k of e(i), not only the squared or even powers of the error signal as in
[16], [19], [20] respectively. In (2), the exponential weighting factor is a constant that is near and less than
one, i and n are positive integers and k is any positive integer. The optimum weights vector for the cost
function with respect to e is deduced from the (3).

e(d) =d@) —w’ x(i) D
J() = T, (e (DI} @)
B J () = —k {I, 1 (D) (d (@) — wTx(®) '} - (sgn(e®) =0 3

where x (i), d(i) are vectors containing the L most recent vectors of the input signals x and d, and V,,, is the
gradient with respect to w. The next step is to take the binomial expansion of (e(i))%*, and take the
following approximation [21]:

(d@ - W x®)" " = d¥1(0) - (k — D2 (Dx@)Tw(n) (4)
This leads to:

Tl () = —k[Z [ D2 (D] = (k = D B, [ d* 2 Ox@x DT wm)] - (sgn (e())  (5)
Denoting the two sub-expressions in (5) as z(i) and ¢ (i) respectively we obtain:

z(n) = L (A" d T (@Dx(D)] and p(m) = (k — DI, [T d* 2 (Dx(Dx (D).
The (5) expressed by (6).

Gl (n) = —k - [z(n) — pmwW(@)] - (sgn(e() (6)

In order to get the minimum of the cost function (2), we equate (6) with zero, and we obtain the optimal
value of w(n), noted w(n), given by (7).

wn) =¢~'(n) - z(n) ()
Separating the final expression, equivalentto i = n in ¢(n), we get:
dm) = Ap(n — 1) + [(k — DA *(W)]x(m)x" (n) )

Applying the matrix inversion formula [22], to the matrix ¢(n) in (8) and with an appropriate identification
of the terms A¢p(n — 1), x(n), (k — Dx*"2(n) and x" (n), we obtain:

117 m-Daxm)a’ M)A~ 11 (n-1)

¢ =TT 1) - [(Ge-nar=2) ™" #2716 1 - Dx (T () ©
Using the (10):

Hn)=¢'m)=2'Hn-1) -1 *Mm)x"(m)H(n - 1) (10)
We get the gain vector M (n):

M(n) = 1M D) (11)

[(k=1)dk=2(n)] " +2~1aT (n)M(n—1)x(n)

Putting: [(k — 1)d*2(n)]"*M(n)=H(n)x(n) and considering that H(n)x(n) is a factorization of M(n),
after replacing (9) in (7), we have:
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w(n) = w(n — 1) + M) [£2 — 2" (n) wn - 1)] (12)
The a priori estimation of e(i) is the term in brackets in (12), it is denoted &(n) = i%) —xTm)wn —1).
Consequently, the updating GRA structure is given by (13):

wn)=wn—-1)+ M(n)é(n) (13)

The suggested method GRA is summarized in Table 1.

Table 1. Summary of the suggested method GRA

Initialization: n=0;

w(0) = 0,H(0) = 4.1,

With I: identity matrix, 8: regularisation parameter.
Iterations_for n>1,

Men) = A THn-1) x(n)
) = (e = D2 + A O H(n = Dx()
Hmn) = ¢ 1(n) = /1‘1;2(1)1 —1) - A"TMm)x"(m)H(n - 1)
n P
) = =D T(n—1x(n)
wn) =wnh—1)+ M(n)é(n)

3. DATA AND PREPROCESSING

Knowing that ECG is a very low power electrical signal, special care must be taken to eliminate the
undesired noise contained in the acquired raw data, taking into account that the characteristics of the original
signal must be preserved. This section describes the preprocessing steps used to provide useful data for the
proposed algorithm. Two kinds of signals, synthetic and real ECG signals, were used in this paper in order to
assess the performance of our method. The synthetic signals and actual ECG have been used for quantitative
and qualitative analysis, respectively.

3.1. Data

This project is based on obtaining a hidden FECG, which cannot be directly recorded using
electronic equipment, from a non-invasive MECG. To analyze the performance of our method, we first used
some synthetic ECG signals. This type of signal allows a quantitative measurement unlike actual ECG
signals. Thus, in order to assess our method, we have used both synthetic and real ECGs. The synthetic
ECG signals were analyzed in the MATLAB environment [23]. We have used three synthetic 10 seconds
long signals, among which the first one was characterized by a heartbeat of 90 beats/min and a 4 kHz
sample rate. The two other signals were synthesized to exhibit 85 and 80 beats/min with 3.78 and 3.51 kHz
sample rate respectively. A baseline wandering (BW) sine wave signal was added to those signals to
simulate the low frequencies respiration artifacts of low frequencies between 0.15 and 0.31 Hz. Additive
gaussian white noise was also included in these synthetic signals. Figures 2(a) to 2(d) give an illustration of
one of the simulated non-invasive FECGs, synthetic FECG, a synthetic MECG, a synthetic noisy ECG, and
a synthetic aMECG, respectively. The other used example of synthetic signals was taken from the
PhysioNet fetal ECG Synthetic database [24]. Figure 3 illustrates simulated non-invasive adult fetal ECG
(NI-FECG) signals Sub01_Snr00db_l4_CO, where Figures 3(a)-(d), illustrate the simulated FECG, the
simulated MECG and the synthetic noise, and the synthetic aMECG, respectively. The real ECG signals
utilized in this paper were taken from the DalSy real database [25] and the PhysioNet real database [24].
The signals from the DalSy Database were recorded from a pregnant woman during a 10 second period.
The recordings from the PhysioNet Noninvasive Real ECG Database were obtained from a set of
55 multichannel abdominal electrocardiograms, these were recorded during the last 19 weeks of pregnancy
from a single subject. Those signals contain 2 thoracic and 4 abdominal signals. The bandwidth is 1 to
150 Hz; the sampling frequency is 1 kHz [25] with a 16-bit resolution. The thoracic and the abdominal real
ECG signals, the 6™ and 8™ signals using the DalSy database, and the data of the 102ecga in the PhysioNet
Database are illustrated on Figures 4 and 5 respectively. Where Figures 4(a) and 4(b) represent the abdomen
and thoracic data from the DalSy database, Figures 5(a) and 5(b) show the abdomen and thoracic signals
from the PhysioNet database.
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3.2. Preprocessing

Using the DWT step method [26], the first step of our procedure consists of denoising and removing
the BW from the processed ECG signals. This is performed by decomposing the signals using a wavelet
decomposition to a certain level L. The BW is detected by an approximation of the coefficients an(L)
produced by this decomposition. These approximations are then replaced by zero to remove the undesirable
BW. To remove the noise up to a level M (M<L), to each of the detail coefficients d,(i) (i=1 to M) an
appropriate threshold level is applied. Finally, to obtain a BW free denoised signal zeroing approximations
are applied up to level L, the first M levels of the corrected details, and the last unchanged details from M+1
to the L level. Figures 6(a) and 6(b) include the preprocessing synthetic abdominal data results, where the
BW and the noise are suppressed, giving the corrected data. Figures 7(a), 7(b), 8(a), and 8(b) show the BW
and noise suppression result by the one-step DWT method in the preprocessing of the real abdominal and
thoracic ECG from the DalSy and PhysioNet databases.
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Figure 2. An example of simulated non-invasive Figure 3. The simulated non-invasive fetal signals
FECG, (a) artificial FECG, (b) artificial MECG, Sub01 Snr00db_I4 CO from PhysioNet database,
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Figure 4. A real recording from DalSy database, (a) abdominal data channel 6 and (b) thoracic data channel 8
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Figure 5. A real recording for 102ecga from PhysioNet database, (a) abdominal data and (b) thoracic data
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Figure 6. Preprocessed synthetic abdominal data, (a) original synthetic data and (b) corrected data
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Figure 7. Preprocessed real recording of 102ecga from the PhysioNet database, (a) abdominal corrected
signal and (b) thoracic corrected signal
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Figure 8. Preprocessed real recording from the DalSy database, (a) abdominal corrected signal and
(b) thoracic corrected data

4. RESULTS AND EVALUATION

The assessment of the suggested ECG separation method was improved using some data
preprocessing. In order to eliminate the BW and the noise, the one-step DWT method has been applied to
significantly improve the results. The performance of the suggested method was tested by employing
artificial tested ECG signals together with real recordings from the DalSy and the PhysioNet databases
described in section 3.

Figures 9(a) to 9(c) illustrate the aMECG signal, the original synthetic FECG and the separation
result of the synthetic corrected aMECG by the proposed GRA method, respectively. In comparison with the
original synthetic FECG in Figure 9(c), we can see that our adaptive method is efficient enough to decrease
the MECG and was able to extract the FECG even when the two QRS of the FECG and MECG are
superposed as shown in Figure 9 by the zooming circles. Figures 10(a) to 10(c) illustrate the aMECG signal,
FECG and separation of synthetic non-invasive fetal ECG signals Sub01_SnrOOdb_I4 CO from the
PhysioNet database. Figure 10(a) shows a zoomed fetal ECG as a part of the abdominal maternal ECG. In
spite of the weakness of the FECG peaks in comparison with the maternal ECG peaks, the fetal peaks have
been totally separated from the abdominal maternal signal by our adaptive method.

The real recording signals from the PhysioNet and DalSy databases were separated by the GRA as
shown in Figure 11 and 12 respectively. Figures 11(a) to 11(c) provide the thoracic, the abdominal and
separated real recordings ECG from PhysioNet. Figures 12(a) to 12(c) provide the thoracic, the abdominal
and the separated real recordings ECG from Daisy. We can see from Figure 11 some deterioration of the
mother peaks after the separation by the GRA, but they are considerably reduced, whereas the fetal peaks are
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increased. Furthermore, the results of the separation in Figure 12 show that the fetal peaks are well sorted
using the GRA method: the mother’s peaks are significantly lower than those of the fetus. We can notice that
the results of the separation of the fetal peaks in Figure 12 are better than those shown in Figure 11. This fact
is due to the shape of the reference input compared to the primary input. Therefore, and in order to improve
the results of our adaptive filter, we must have a similar shape of the mother ECG peaks for both of the
reference and primary signals, a synchronization between these two signals is also required.

To validate the results and evaluate the separation quality after filtering, a visual inspection is
insufficient. This can be enhanced by a quantitative evaluation. For the initial testing and assessment for the
proposed algorithm, simulated data were used to evaluate the extraction performance, from an original fetal
ECG. This approach is common in Biomedical engineering, where a non-invasive technique is based on
placing electrode on the mother abdomen in order to record the ECG signal. In this work, we have used the
three following statistical parameters:

(a) Sy ic maternal inal signal
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Figure 9. Separation of the synthetic signal, (a) artificial aMECG signal, (b) original artificial FECG,
and (c) separated FECG by GRA
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Figure 10. Separation of adult and non-invasive FECG (NI-FECG) signals Sub01_Snr00db_I4_CO from
PhysioNet database (a) synthetic maternal abdominal signal, (b) original FECG, (c) the separated FECG by
GRA

4.1. Signal to noise ratio (SNR)

The signal to noise ratio (SNR) is the acronym for signal to noise ratio is a common parameter used
for comparing the desired signal level to the noise signal level. This parameter could be used for synthetic
signals since the actual FECG is inexistent. This is defined in (14), where x,,, is the reference signal of an

ideal fetal ECG, and x,... is the recovered fetal ECG by the adaptive filter:
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Figure 11. A separated real recording from the PhysioNet database (nifecgdb), (a) reference signal for
102ecga, (b), primary signal, and (c) separated FECG by GRA
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Figure 12. A separated real recording from the DalSy database, (a) reference signal, (b) primary signal, and
(c) separated FECG by GRA

4.2. Relative root mean square error (RRMSE)

The relative root mean square error known as RRMSE is calculated by the root square of the mean
square error, defined as (15).

2
%Zn(xrec_xorg)

RRMSE = ; 15
Zn(xorg) ) ( )

A smaller value of this parameter corresponds to a better filter performance.
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4.3. Correlation coefficient
The correlation coefficient p is computed using (16).

Zn[xorg(i)_m] [Xrec(D)—Xrecl (16)

p=
\/Zn{xm‘g ® _%} In{xrec(d)—Xrect

Where again x,,, is the reference signal of an ideal FECG, and x,.. is the recovered FECG using the
adaptive filter. This parameter is between -1 and +1, a positive value indicates a strong connection in a direct
way, a negative value indicates a strong relationship in an inverse way and a value near zero indicates a very
weak linear relationship.

The proposed GRA method, described in Table 1 and applied to the FECG separation, has been
carried out with the normalized least mean square (NLMS) algorithm [27]. Figure 13 and Table 2 illustrate
the obtained results. Quantitative evaluations were conducted using samples 500 to 2,500 of the
sub01_snr00dB_I14 cO signal taken from the PhysioNet Synthetic database. The length of the filter was
changed progressively from 10 to 256 with steps of length 20. The parameters used in GRA are as follows,
j=3, 6§ = 10799, A = 1, the number of iterations= 300. The NLMS parameters used in (16) and (17) are as
follows, a = 0.01,y = 0.001, where the first signal is the maternal abdominal ECG, and x(n) the second
signal designated by the maternal thoracic ECG:

e(n) =dn) —wl'(n)-x(n) (17)

wn+1) =wn) +2 m ce*(n) - x(n) (18)
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Figure 13. Comparison of GRA and NLMS SNRs

Table 2. The RMSE and the coefficient correlation variations for the: NLMS, GRA adaptative filters with the
synthetic signal
Metrics parameters RMSE RMSE  Correlation coefficient ~ Correlation coefficient

Algorithms NLMS GRA NLMS GRA
10 3.4230 0.5315 0.0071 0.9809
30 3.4200 0.5314 0.0104 0.9809
50 3.4223 0.5314 0.0082 0.9809
70 3.4194 0.5314 0.0091 0.9809
90 34213 0.5314 0.0078 0.9809
110 3.4160 0.5314 0.0107 0.9809
130 3.4216 0.5314 0.0071 0.9809
150 3.4027 0.5314 0.0147 0.9809
170 3.4006 0.5314 0.0161 0.9809
190 3.4012 0.5314 0.0159 0.9809
210 3.4028 0.5314 0.0151 0.9809
230 3.4051 0.5314 0.0139 0.9809
250 3.4081 0.5314 0.0131 0.9809

A comparison of the two SNRs is illustrated in Figure 13, where we can see that increasing the GRA
filter length results in an increase of the positive GRA SNR, whereas increasing the NLMS filter length the
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NLMS SNR fluctuates between negative values. We used the correlation coefficient r between the true and
reconstructed FECG as a quantitative parameter for further evaluation. A synthetic signal is used because the
true FECG does not actually exist in non-invasive methods. The sub09 snr06dB _I1_cl signal from the
PhysioNet database was used for that purpose. Figure 14 shows the correlation coefficient values for different
SNR levels for both the NLMS and the proposed GRA methods. We found that the best values for the NLMS
approach start at 20 dB and do not exceed 0.58, whereas our method shows much better values going beyond
0.94 for the same interval of the SNR levels.

The other parameters we used in this paper are the correlation coefficient and the RMSE. These are
widely used in biomedical engineering. These two parameters were calculated for both the GRA and NLMS
algorithms, for different filter lengths. The results are presented in Table 2. It clearly indicates the robustness
of the GRA, where the correlation coefficient is equal to 0.98. This demonstrates a major enhancement over
the NLMS, where the correlation coefficient fluctuates between 0.007 and 0.015. For the RMSE evaluation
shown in Table 2, we can notice that the GRA RMSE parameter is highly improved compared to the NLMS.
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Figure 14. Coefficient correlation variation between true and isolated FECG

To further assess the suggested algorithm and particularly for the detection of an actual fetal ECG
peak from real recordings, three parameters were used, the sensitivity (S,), the accuracy (A..) and the
positive predictive value (PP,); as described in (18).

S,=—F— PP, =—2 i A, =—0 (18)

~ TP+FN = rP+FP’ ~ TP+FP+FN

In (18) TP stands for true positive, this corresponds to the correctly identified FECG, FP is for false
positive i.e., the incorrectly detected FECG identified as a MECG and FN defines the false negative which
represents an undetected FECG.

The results of this metrics evaluation are illustrated in Table 3. The assessment has been carried out
for both the PhysioNet and DalSy databases, where the eliminated MECG has been considered as non-
detected mother peaks. Regarding the calculation of FP, the incorrectly detected fetal peaks are due to the
mother and fetal ECG.

Table 3. The assessment parameters of the real fetal ECG detection using GRA

Database Channel N° Peaksnumber TP FP  FN A, (%) S,(%) PP, (%) F1(%)
DalSy Abdo:3" canal Thorax: 6™ canal 22 22 2 0 91.67 100 91.67 95.65
database Abdo:1% canal Thorax: 8™ canal 22 22 1 0 95.65 100 95.65 97.78
Abdo:5™ canal Thorax: 7' canal 22 2 2 0 91.67 100 91.67 95.65

PhysioNet  Ecgca_102 Thorax_1, Abdomen_2 7 6 1 1 75 85.71 85.71 85.71
database = Ecgca_473 Thorax_2, Abdomen_1 19 17 2 2 80 89.74 89.74 89.47
Ecgca_746 Thorax_2, Abdomen_2 22 21 3 1 84 95.45 87.5 91.30

Generalised recursive algorithm for fetal electrocardiogram isolation from non-invasive ... (Ikram Kaoula)
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For a further assessment, we extend our evaluation to the one-way analysis of the variance test
(ANOVA) [28]. To evaluate the averages of the adaptive filters, the ANOVA test was used, for both RMSE
and correlation coefficient parameters. The ANOVA test result for RMSE is F=1274609.29 which is much
higher than the critic value F=4.26 and P=3.1 10" is very low compared to alpha=0.05. For the correlation
coefficient F=1025624 which is also much higher than the critic value F=4.26 and P=4.34 10" is very low
compared to alpha=0.05 for both the GRA and NLMS, which means that the null statistical difference
between GRA and NLMS exists, and the null hypothesis state is rejected.

5. CONCLUSION

In this paper, an adaptive algorithm was used to isolate the FECG through a non-invasive aMECG
abdominal using the thoracic maternal ECG as the reference signal. This new method is based on a
generalized version of the recursive algorithm. The efficiency of the suggested GRA method is presented.
Updates of the adaptive filter’s weight vector, use a cost function constructed on any power of the error. The
simulation results indicate that the suggested method outperforms the NLMS algorithm.
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