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ABSTRACT

The detection of abnormal fetal heartbeats during pregnancy
is important for monitoring the health conditions of the fe-
tus. While adult ECG has made several advances in modern
medicine, noninvasive fetal electrocardiography (FECG) re-
mains a great challenge. In this paper, we introduce a new
method based on affine combinations of adaptive filters to
extract FECG signals. The affine combination of multi-
ple filters is able to precisely fit the reference signal, and
thus obtain more accurate FECGs. We proposed a method
to combine the Least Mean Square (LMS) and Recursive
Least Squares (RLS) filters. Our approach found that the
Combined Recursive Least Squares (CRLS) filter achieves
the best performance among all proposed combinations. In
addition, we found that CRLS is more advantageous in ex-
tracting FECG from abdominal electrocardiograms (AECG)
with a small signal-to-noise ratio (SNR). Compared with the
state-of-the-art MSF-ANC method, CRLS shows improved
performance. The sensitivity, accuracy and F1 score are
improved by 3.58%, 2.39% and 1.36%, respectively.

Index Terms— combination of adaptive filter, noninva-
sive FECG extraction, affine combination

1. INTRODUCTION

Fetal electrocardiography (FECG) is an important tool used
by clinicians to track fetal cardiac status [2] and can be ef-
fectively used to help clinicians make correct and responsive
decisions during pregnancy or at delivery. Currently, there
are two methods (Fig 1) to capture FECG: one is the inva-
sive scalp electrode [3] method, which directly measures the
FECG signal, but can only detect the FECG signal during de-
livery. Besides, the scalp electrode is invasive and may cause
serious harm to both the mother and the fetus. The other
method uses a non-invasive abdominal electrode [4]. An
electrode is placed on the mother’s abdomen to collect the ab-
dominal body surface signal. However, the abdominal body

? †Equal contribution in alphabetical order

Fig. 1: FECG monitoring a) Non-invasive b) Invasive [1]

surface signals of pregnant women are rather complex, in-
cluding not only the weak FECG and maternal electrocardio-
graphy (MECG), but also the mother’s respiratory noise and
industrial frequency interference. In addition, the amplitude
of MECG in the abdominal signal is often 2-10 times higher
than that of FECG [5], making the extracted FECG extremely
noisy.

In this paper, we introduce an affine combination ap-
proach for ECG separation using multiple adaptive filters.
Unlike previous combinations of multiple adaptive filters, the
FECG signal extracted by the affine combination is closer to
the true value and more complete. In addition, previous work
mainly focuses on exploring the combination of only LMS
filters with different step-size strategies. This is because these
filters allow the combination to minimize their own quadratic
errors by simply updating filter weights according to LMS
rules. However, it is known that the performance of single
Recursive Least Squares (RLS) is better than single LMS (and
its family) [6] on most denoising tasks because RLS is more
adaptable to non-stationary signals. The signal is generally
non-stationary in most practical application scenarios, and
the objective function of RLS is the exponentially weighted
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sum in the sense of least squares [7]. I.e., the objective
function that the RLS algorithm minimizes is the weighted
squared sum of error signals under the current coefficient
for all signals, while LMS only considers the square of the
instantaneous error signals. Therefore, RLS works better for
non-stationary signals, including ECG signals. In this paper,
we add RLS filters into a combination structure to extract
FECG. To sum up, the contributions of this work include:
• A new FECG extraction method is proposed to obtain a

more complete and accurate FECG signal by combining
multiple filters. Our method improves the nonlinear fitting
ability of the adaptive filter and has a good denoising abil-
ity.

• We propose CRLS filters as an effective algorithm for
FECG extraction, especially in low SNR scenarios.

• Compared with the state-of-the-art MSF-ANC method [8],
CRLS improves sensitivity, accuracy and F1 score by
3.58%, 2.39% and 1.36%, respectively. We make our code
available on GitHub to support future explorations1.

2. RELATED WORK

2.1. FECG Extraction

There are many methods and approaches proposed for the de-
tection of FECG signals. And they can be roughly divided
into two major categories - denoising and signal separation.

First, treating the maternal signal as noise and then filter-
ing out the maternal signal using methods such as matched
filtering [9], adaptive filtering [10], and modified adaptive
filtering [11]. RLS-based adaptive noise cancellation (ANC)
method has also been used to remove MECG in non-invasive
FECG extraction [12]. Combination-based approaches try
to combine multiple LMS filters together, in which the step
size on the LMS filter can affect the performance of the
combined LMS filter on FECG extraction. Thus, the com-
bination strategy can be evaluated using qualitatively meth-
ods [13][14]. Moreover, the multiple sub-filter methods can
be applied to extract FECG and for acoustic echo, cancella-
tion [15] [10] [16].

Second, the maternal signal and the fetal signal are treated
as two independent signals and separated by certain methods
such as blind source separation (BSS), independent com-
ponent analysis (ICA), and singular value decomposition
(SVD) [17] [18]. However, these methods usually impose
strong, unrealistic assumptions that the signal and noises are
mixed in a stationary manner [19].

2.2. Convex Combination

Another work [20] studies the mean square performance of
the convex combination of two transversal LMS filters with
different parameters to outperform both of them [21] and was

1https://github.com/scholesy123/ECG-signal

applied to practical problems [22]. The affine combinations
for adaptive filtering allow for different algorithms and even
different adaptive filter lengths to be combined [23].

3. METHODOLOGY

Fig 2 shows the general scheme of an affine combination of
two adaptive filters. Filter 1 and Filter 2 can be either LMS or
RLS. In total, three combinations are implemented and com-
pared.

3.1. Combined Least Mean Square (CLMS) Filter

The first combination is CLMS, which is an affine combina-
tion of two LMS filters. One has a larger step size to achieve
faster convergence and good tracking ability in situations of
rapid change. The other has a smaller step size and performs
well in stationary situations. The coefficients of two LMS
filters are adapted to minimize their own quadratic errors us-
ing the standard LMS rule. The objective function a(n) is
updated at each iteration to minimize the quadratic error of
the combined filter, also by means of a minimum square error
stochastic gradient algorithm with step size µa. The param-
eter η(n) is defined via a sigmoid function. There are two
benefits of using this sigmoid function: (1) it constrains the
value of lambda between 0 and 1; (2) the η(n)(1−η(n)) term
in its derivative reduces the adaptation speed and the gradient
noise near the endpoints 0 and 1. The combined scheme is ex-
pected to perform similar to the fast and slow filters without
degradation [8].

Fig. 2: combination filter scheme[24]

In the initialization step, the value of a(n) is limited to
the interval [−4, 4], so the algorithm does not terminate when
either η(n) or 1 − η(n) are too close to 0. Furthermore, the
parameter µa must be fixed to a very high value so that the
combination is adapted even faster than the fastest LMS fil-
ter [25]. Note that, since η(n) ∈ (0, 1), the stability of the
combined filter is guaranteed as long as the individual stabil-
ity conditions of both filter 1 and filter 2 are satisfied.

3.2. CRLS and RLS-LMS
The second combination, CRLS, is an affine combination of
the two RLS filters. One RLS filter has a larger forgetting fac-
tor to achieve faster adaption to situations of rapid changes.
The other has a smaller forgetting factor and performs well in

https://github.com/scholesy123/ECG-signal


stationary situations [26].
The third combination, RLS-LMS, is an affine combination
of an RLS filter and an LMS filter. One filter is an RLS
with faster convergence; the other is an LMS filter with better
tracking ability. Note that RLS-LMS presents better tracking
performance than CLMS [27]. The pseudo-code of this al-
gorithm is shown below in Algorithm 1. All other parameter
update mechanisms are consistent with Section 3.1.

Algorithm 1 Combination of Adaptive Filters Algorithm
Initialize µ1, µ2, µa, a+, w1(0), w2(0), a(0)
Loop:n = 1 : end do

yi(n) = wi(n)
Tu(n) (i = 1, 2)

ei(n) = d(n)− yi(n)
y(n) = η(n)y1(n) + (1− η(n))y2(n)
e(n) = d(n)− y(n)
If CLMS:
wi(n) = wi(n− 1) + µi(n)ei(n)u(n)

else if CRLS:
πi(n) =

1
λi
P (n− 1)u(n)

ki(n) =
πi(n)

1+uT (n)πi(n)

wi(n) = wi(n− 1) + ki(n)(d(n)− wTi (n− 1)u(n))
Pi(n) =

1
λi
Pi(n− 1)− 1

λi
k(n)uT (n)Pi(n− 1)

else if RLS-LMS:
π(n) = 1

λP (n− 1)u(n)

k(n) = π(n)
1+uT (n)π(n)

w1(n) = w1(n− 1) + k(n)(d(n)− wT1 (n− 1)u(n))
P (n) = 1

λP (n− 1)− 1
λk(n)u

T (n)P (n− 1)
w2(n) = w2(n− 1) + µe2(n)u(n)

eα(n) = e(n)(y1(n)− y2(n))
a(n) = a(n− 1) + µaeα(n)η(n)(1− η(n))
η(n) = 1

1+e−a(n)

if a(n) < −a+
a(n) = −a+
η(n) = 0

else if a(n) > a+

a(n) = a+

η(n) = 1
end
w(n) = η(n)w1(n) + (1− η(n))w2(n)
let n = n+ 1

end

4. RESULTS AND DISCUSSION
4.1. Dataset
We use a public dataset from DaIsy2 named “Cutaneous po-
tential recordings of a pregnant woman.” There are eight sin-
gle channels. The first five channels are the abdominal signals
and the remaining three are the thoracic signals. The data size
is 2500 × 8, the sampling time is 10s, and the sampling fre-

2https://homes.esat.kuleuven.be/˜smc/daisy/
daisydata.html

quency is 250Hz. In this paper, we mainly use the second
channel and eighth channel as input and reference signals.

4.2. SNR Analysis

We use the SNR to quantify the relative proportion of the ef-
fect from MECG to the effect of FECG signals. Generally,
the larger the SNR is, the better the performance of the filter
is. However, the opposite is true in this experiment because
we are trying to obtain the weaker FECG, which is treated as
noise in a typical SNR. Because the amplitude and power of
the effect from the MECG as a noise signal is much larger
than that of FECG, the SNR is calculated as

SNR = 10 log

(
Psignal

Pnoise

)
= 10 log

(
PFECG

Poutput

)
, (1)

where PFECG is the effect from FECG with any remaining,
unfiltered MECG noise, and Poutput is the effect from MECG
that’s the output of the filter. Therefore, a small SNR indicates
that the filter was able to filter out more of the MECG effect.
Because once the FECG is mixed with unsuppressed MECG,
a large numerator is obtained, which is an undesired result.
Meanwhile, the large value of the denominator indicates that
the output of the filter is closer to the real MECG. Therefore,
the smaller the SNR the better the noise suppression perfor-
mance. SNR of different adaptive filters is shown in table 1.

Adaptive Filter SNR(dB)
NLMS -4.1148
RLS -11.1070
CLMS -11.7637
RLS+LMS -12.3267
CRLS -12.4216

Table 1: SNR of adaptive filters, CRLS has the best (lowest)
SNR among all filter combinations.

The CRLS has the smallest SNR value, which means that
the CRLS has the best performance on noise suppression
among all the filters. Also, the SNR of any combination of
adaptive filters is lower than that of single filters.

4.3. Mean Squared Error (MSE) Analysis

Figure 4 shows the convergence of the MSE which can be
calculated as

MSE(n) =
1

n

n∑
i=1

(d(i)− ŷ(i))2 =
1

n

n∑
i=1

(e(i))
2 (2)

where d(n) and ŷ(n) are the desired and output of the filter
respectively. The goal is to minimize E((d − ŷ)2). It can be
seen that any combination of adaptive filters converges to a
lower value than any single Normalized Least-Mean-Square
(NLMS) filter and RLS adaptive filter. The MSE curves of
RLS-LMS and CRLS almost overlap but the MSE of CRLS
is still lower. Overall, the MSE of CRLS is the lowest among
these five adaptive filters.

https://homes.esat.kuleuven.be/~smc/daisy/daisydata.html
https://homes.esat.kuleuven.be/~smc/daisy/daisydata.html


(a) Input AECG (b) RLS result (c) NLMS result

(d) CLMS result (e) CRLS result (f) RLS-LMS result

Fig. 3: Samples from 1600 to 2400 of AECG and FECG ex-
tracted by using adaptive filters

Fig. 4: Comparison of MSE

4.4. Waveform Analysis

Figures 3d, 3e, and 3f show the AECG and FECG from sam-
ples 1600-2400 filtered by different combination filters. The
blue points are peaks of FECG extracted by the filter. And the
red circles are the MECG signal that should be suppressed.
It is clear that the original high amplitude MECG compo-
nents in the AECG are well eliminated in the FECG. And
the amplitude of the rest component is lower than the peak of
AECG which means that it can be used through the method
of peak-to-peak analysis. Also, the peak of the FECG is pe-
riodic, which is consistent with the characteristics of ECG
signals. As shown in Fig 3b and 3c, FECG filtered by a sin-
gle adaptive filter is not successful because even though the
amplitude is attenuated, the MECG is not completely elimi-
nated. As a result, the MECG signal is greater than the peak
of FECG, making the FECG indistinguishable. Therefore, a
combination of adaptive filters is way more effective in ex-
tracting higher-quality FECG signals than a single adaptive
filter. In addition, CRLS shows the best noise suppression
performance of any other combinations as shown in Fig 3e.

4.5. Quantitative Metrics

The quantitative metrics can be evaluated by Pan-Tompkins
R-Peaks detection, which is able to recognize QSR complexes

Parameters(%) CRLS RLS
Sensitivity 100 100
Accuracy 95.45 95.45

PPV 95.45 95.45
F1 score 97.67 97.67

Table 2: Filter Performance on Channel 1 Signals

Parameters(%) MSF-ANC[8] RLS CRLS
Sensitivity 91.66 100 95.24
Accuracy 84.61 62.86 87

PPV 91.66 62.86 90.91
F1 score 91.66 77.19 93.02

Table 3: Filter Performance on Channel 2 Signals

automatically [28]. Table 3 and table 2 compare the quality
of the FECG extracted by CRLS and RLS when using differ-
ent input channels against all metrics, along with the previous
SOTA results obtained using the Multiple Sub-Filter Adap-
tive Noise Canceller (MSF-ANC) filtering methods which are
only available on channel 2 [8]. We compared channel 1 and
channel 2 as input signals with reference signals coming from
channel 8. The experimental results in Table 2 show that
CRLS and RLS attain the exact same performance with chan-
nel 1 signals, which have strong FECG signals and thus are
easier to extract, demonstrating the validity of the combined
filter. Channel 2 has a small AECG and a large MECG, mak-
ing the raw SNR very low and thus the extraction of FECG
challenging. Table 3 shows the Sensitivity, Accuracy, Posi-
tive Predictive Value (PPV), and F1 score of CRLS and MSF-
ANC [8] on Channel 2 signals. First, CRLS significantly out-
performs the single RLS filter, demonstrating a stronger de-
noising ability. Furthermore, compared with MSF-ANC, the
sensitivity, accuracy, and F1 score of CRLS are improved by
3.58%, 2.39%, and 1.36%, respectively. This indicates that
CRLS has a stronger anti-interference ability and is more ad-
vantageous for extracting low-power signals from high-power
noise in extraction tasks.

5. CONCLUSION
In this paper, we introduced a new affine combination algo-
rithm for adaptive filters to extract FECG signals from mixed
AECG signals. Our algorithm identified CRLS as a highly
effective filter, and we verify the feasibility of CRLS filter
on the FECG signal extraction task. Compared results with
the SOTA MSF-ANC method, the sensitivity, accuracy, and
F1 score are improved by 3.58%, 2.39%, and 1.36%, respec-
tively. Especially in low raw SNR scenarios, CRLS has the
ability to suppress high-power noise while extracting weak
signals of interest, demonstrating the robustness of the CRLS
filter. Our affine combination algorithm is highly efficient at
extracting FECG in high-noise scenarios, providing an effec-
tive tool for not only obstetricians but also a promising next
direction for the detection of weak signals in other complex
environments.
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