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Abstract  

Objective: The fetal electrocardiogram (ECG) is an objective index that reflects a 
fetus’s health status. Non-invasive abdominal ECG (aECG) was obtained by placing 
silicone electrodes on pregnant women’s abdominal wall. However, fetal QRS (fQRS) 
extraction is very challenging due to maternal ECG interference, motion artifacts, and 
other noise. Approach: This paper introduces a new single-lead non-invasive fQRS 
extraction method based on compressive sensing and clustering analysis. This method 
can be applied to portable, low-power remote fetal ECG (fECG) acquisition equipment 
based on the Internet of Things (IoT). It is mainly divided into the following steps: (1) 
optimal component extraction of single-channel signal based on compressive sensing 
theory; (2) location of maternal QRS (mQRS) using the clustering method based on 
extreme value; (3) maternal ECG (mECG) elimination; (4) The preliminary location of 
fQRS based on double clustering and the correction of fQRS based on fetal RR interval. 
Main results: The new algorithm proposed in this paper is verified on two publicly 
available data sets. The averages of these indicators are Se=98.53%, PPV=98.28%, 
ACC=96.95%, F1=98.43% for the Silesia datasets and Se=97.59%, PPV=97.63%, 
ACC=95.44%, F1=97.62% for the Challenge datasets A. Significance: The results show 
that it is feasible and reliable to locate fQRS from a single-channel aECG signal under 
the condition of reducing power consumption. It lays a foundation for implementing 
the low-power wireless transmission of fECG signal and remote fetal heart rate (FHR) 
monitoring based on the IoT.  

Keywords: compressive sensing; k-means; mQRS location; fECG detection; double 
clustering; fQRS correction 

 

1.Introduction 

Monitoring the changes of FHR during pregnancy is of great significance for real-time 
monitoring of fetal health status, especially for fetal distress, fetal arrhythmia, fetal 
bradycardia, fetal tachycardia, fetal hypoxia, and other pathological conditions (Got’E et 
al 1982, Xiaojun et al 2018, Dotun et al 2018, Ling et al 2019). The Doppler Ultrasound technique 
commonly used for measuring FHR is an active measurement and has not been proved 
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to be completely harmless, so it can not be used frequently in the clinic (Barnett et al 2000, 
Hamelmann et al 2019). The measurement of pregnant women’s abdominal electrical 
signals is a passive, completely non-invasive, and convenient way to collect fECG. The 
FHR monitoring method from the abdominal signal can be used for a long time 
compared with other FHR monitoring methods, which can also be measured in the early 
stage theoretically (Sameni and Clifford 2010, Poiana et al 2016, Castillo Encarnación et al 2018). 
The single-lead aECG signal acquisition scheme is convenient to collect and saves costs 
compared with most existing maternal aECG measurement schemes. This paper’s 
proposed algorithm is suitable for portable single-lead acquisition equipment and 
remote monitoring schemes of the medical Internet of things based on low power 
wireless transmission. It makes it possible for pregnant women to monitor the FHR to 
assess the fetus’s health status at any time. 
 However, although it is more convenient to measure pregnant women’s aECG 
signal, the fECG signal’s amplitude is much smaller than that of the mECG signal, and 
there is a signal overlap between the fECG and mECG in the frequency spectrum. 
Moreover, the fECG signal of pregnant women’s abdomen is also polluted by many 
kinds of noise, including fetal brain activity interference, mECG interference, uterine 
contraction interference, electromyogram (EMG) interference, motion artifact 
interference, and 50Hz/60Hz power line interference (Varanini et al 2014, Clifford et al 2014). 
Therefore, it is still very challenging to replace the commonly used Doppler ultrasound 
detection technology. Many algorithms have been proposed to obtain the FHR by 
detecting the fQRS complexes in extracted the fECG signal from the maternal aECG 
signal. The classical fECG extraction algorithm for processing multi-channel aECG 
signals is independent component analysis (ICA). ICA is a very ambitious approach 
that aims to reconstruct directly the multiple statistically independent bioelectric source 
signals. The prerequisite for blind source separation based on ICA is that multiple 
source signals must be independent. If this premise is violated, the source separation 
result is invalid (Moore 1981, Hyva¨rinen and Oja 2000, Mirza et al. 2020, Talib et al. 2020). The 
typical algorithms applied to multi-channel aECG are the blind source separation based 
on ICA and singular value decomposition (SVD) (Lieven et al. 2000, Varanini et al. 2014) et 
al. Other algorithms based on multi-channel aECG signals include the fQRS detection 
of maternal aECG signals based on multi-level principal component analysis (Petrolis 
and Krisciukaitis 2013). Besides, when the number of signal channels is less than the 
number of signal sources, it is called a low-rank. There are also a variety of processing 
algorithms for low-rank channels aECG signals (Sameni 2021). Typical examples are the 
extraction of fetal ECG from time-varying and low-rank non-invasive abdominal 
records of pregnant women (Fahimeh et al. 2018) and the separation of fetal and maternal 
components of low-dimensional maternal aECG signal (Mantas and Vaidotas 2020) et al.. 
For the single-channel maternal abdominal signal, there are generally two kinds of 
fECG extraction methods. One of them is to use the synchronously collected chest 
mECG signal as the reference signal, utilizing the adaptive filtering algorithm (Widrow 
et al. 1975, Nannan et al. 2017) and the echo state neural network (ESN) (Behar et al. 2014) to 
extract fECG signal and fetal heart rate. Another method is to construct an mECG 
template signal to eliminate maternal ECG signal interference and extract the fECG 



signal. Typical algorithms include multi-step fusion algorithms based on signal quality 
assessment and fin-tuning (Liu et al. 2014); the algorithm combes RR time series 
smoothing and template matching to detect fQRS single-lead maternal aECG signal 
(Liu et al. 2019) et al.. Other single-channel algorithms such as the single-channel ICA 
can sometimes be used to separate essential components from a time series (Davies and 
James 2007) and an echo state recurrent neural network trained to indicate fetal QRS 
complex method (Lukoševičius and Marozas 2014). 
 This paper proposes a single-channel fQRS extraction algorithm based on 
compressive sensing and clustering analysis, suitable for portable acquisition 
equipment and low-power wireless transmission of the Internet of things FHR 
monitoring scheme. Specifically, firstly, the sparse binary matrix is used to compress a 
single-channel maternal aECG signal according to the compressed sensing theory, in 
which the sparse matrix can be easily implemented in embedded devices. Secondly, the 
reconstructed algorithm proposed in this paper applies the Gaussian redundancy 
dictionary proposed by Poian et al. in 2016, which is three different atomic groups 
(corresponding to three different scale parameters) constructed from the characteristics 
of maternal ECG, fetal ECG, and noise. Three kinds of Gaussian redundant dictionaries 
and SL0 reconstruction algorithms (Mohimani et al. 2009) reconstruct the compressed 
signal into three original signals. Thirdly, the optimal maternal aECG signal is the 
principal component of the preprocessed signals extracted by the PCA algorithm. 
Fourthly, mQRS is extracted using an extreme values-based clustering algorithm, and 
the algorithm corrected false-positive and false-negative algorithms. Fifthly, the fECG 
signal is the residual signal of the mECG template signal constructed by the coherent 
averaging method, and the fine-tuning algorithm is subtracted from the optimal signal 
according to the mQRS location results. Sixthly, the preprocessing process of the fECG 
signal is to use a wavelet adaptive threshold algorithm to filter high-frequency noise 
and a high-pass filter to filter the low-frequency components below 15Hz. Seventhly, 
the two clustering results based on local maximum-minimum pair and extreme value 
are processed by the hard threshold method to get the preliminary location results of 
fQRS. The location result of fQRS is modified by using the false-positive correction 
method proposed in this paper. Figure 1 shows the block diagram of the fQRS detection 
method proposed in this paper. 
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Fig.1 The structure block diagram of fQRS location using the algorithm proposed in this paper. 
  

2.Materials and methods 

2.1 Database 

We use the open-access database provided by PhysioNet to evaluate the performance 
of the proposed approach. Seventy-five non-invasive maternal aECG records with a 
one-minute length were provided in the 2013 Cardiology Computer Challenge training 
set A, in which each record contained four channels with a sampling rate of 1kHz and 
a sampling accuracy of 16 bits. a01-a75 has a reference label of fQRS complex 
annotated by experts from fECG signals measured from corresponding fetal scalp 
electrodes in training set A (Silva et al. 2013, Clifford et al. 2014).  



Another database is abdominal and direct fetal ECG records obtained from the 
Department of Obstetrics at the Medical University of Silesia. The signal records r01, 
r04, r07, r08, and r10 with a sampling rate of 1kHz and a sampling accuracy of 16 bits 
from five different pregnant women during 38 to 41 weeks gestation. Each containing 
four-channel maternal aECG signals, one-channel fECG records directly from the fetal 
scalp, and fQRS location annotated by a cardiologist team (Goldberger et al. 2000, Jezewski 
et al. 2012). The signals evaluate the effectiveness and accuracy of the new algorithm 
proposed in this paper for single-channel recording with better signal quality pointed 
out by experts. The selected signals are specifically the second channel of recording 
r01, the third and fifth channel of recording r04, the third and fifth channel of recording 
r07, the second channel of recording r08, and the second and third channel of recording 
r10 are selected respectively. The previous one-minute signal is selected for each 
channel. 
 

2.2. Compression and reconstruction of maternal aECG 

Compressive sensing theory, a new idea for signal compression, indicates that high-
dimensional signals that can be sparsely represented are projected to the low-
dimensional space using a random observation matrix that satisfies specific conditions. 
The projection signal containing sufficient information can reconstruct the high-
dimensional signal with high probability through the nonlinear optimization method 
(Donoho 2006, Candes and Wakin 2008, Eldar and Kutyniok 2012). Signal compression problem 
can be expressed in equation 

                   y x=                       (1) 

, in which M
y R  is the compressed signal; N

x R is a segment of the original signal; 

   is the measurement (sensing) matrix of M N  with M N  . The signal 
compression part of the proposed algorithm can be implemented in embedded devices 
because the original signal’s measurement matrix has the characteristics of simplicity, 
non-adaptive, and robust versatility. 
In general, the selected measurement matrix, which satisfies irrelevance and restricted 
isometry property (RIP), should satisfy as little compressed data, easy hardware 
implementation, and robust versatility as possible (Candes and Tao 2005, Devore 2007, 
Emmanuel et al. 2010). It has been proved that the binary sparse random matrix satisfies 
the condition of the measurement matrix (Indyk 2010, Poian et al. 2016). The measurement 
matrix   is constructed through a binary sparse random matrix in which k  positions 
are randomly selected in each column and set to 1 in an M N  all-zero matrix, which 
is simple in structure and easy to be stored and constructed. The measurement matrix 
  is used in this paper, in which =2k . 
 The critical concept in compressed sensing theory is sparsity. An appropriate basis 
function must be selected to ensure the sparsity of the original signal. As long as the 
original signal’s sparse representation x  based on the appropriate basis function or 
redundant dictionary is found, the original signal can be reconstructed. The redundant 

dictionary is represented as  , N

k k
R =   ; the sparse representation of the 



original signal x  is U : 

k k

k

x U u= =                      (2) 

The original signal is ( 1000)N
x R N = , ku  is the coefficient corresponding to the 

kth  atom k  in the redundant dictionary  . If there are at most m  non-zero values 

in the vector , { }L

kU R U u =  elements, the original signal’s sparsity x  can be 

expressed 
0

U m .  The direct observation signal of the original signal x , which 

can be sparsely represented, can be expressed y : 

y x U U=  = =                      (3) 

in which ( )  =  is an information operator or a recovery matrix. The theoretical 

framework of compressed sensing is shown in figure 2. 

 

 The most sparse vector of the original signal corresponding to a particular 
redundant dictionary can be obtained using an optimization problem (Gurve and Krishnan 
2020):  

0
min

. .

U

s t y U= 
                        (4) 

The algorithm based on the 1  norm includes the minimum basis pursuit (BP) (Mota et 

al. 2011) and the iterative threshold (Yuan et al. 2012) in the problem of solving sparse 
vectors in compressed sensing. There are also some minimum greedy pursuit 

algorithms based on 0   norm, such as matching pursuit (MP) (Gui et al. 2010), 

orthogonal matching pursuit (OMP) (Tropp and Gilbert 2007), and sparsity adaptive 
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Fig.2 Compressed Sensing theoretical framework 



matching pursuit (Thong et al. 2010). Besides, there is 
p

-regularized least squares (
p

-

RLS) algorithm (Pant et al. 2014). The reconstruction algorithm in our research is the 

smoothing-based 0  norm (SL0) (Mohimani et al. 2009) proposed by Mohimani et al. 

The main idea of the SL0 algorithm is to approximate the 0  norm through a series of 

suitable continuous functions. Therefore, the 0   norm problem is transformed into 

optimization problems consisting of a series of Gaussian function clusters solved by 
convex optimization methods. 
 mECG signal can be simulated by a linear combination of some Gaussian functions 
from the mathematical model of the mECG signal (Billah et al. 2011). Therefore, the 
overcomplete Gaussian redundant dictionary   from mECG consists of a series of 
Gaussian functions in this paper. The redundant dictionary corresponding to the fECG 
signal can also be composed of Gaussian function clusters because the fECG signal is 

similar to the mECG signal. The Gaussian function of the kth   atom k  in the 

redundant dictionary   is expressed with ( )k n : 

2( ) exp( ( ) )k
k k

k

n a
n C


−

= −                        (5) 

in which kC  is the normalized constant; k  is the parameter that changes the shape of 

the Gaussian function. The atom ( )k n  of the Gaussian redundant dictionary   , 

which is composed of k  uint norm vectors 
1

1
k

 = , corresponds to a set of scale 

parameters {5,6,7,8,9,10,12,15, 20,30,50}k  , ensuring that the Gaussian redundant 

dictionary    can reconstruct the mECG signal (Poian et al. 2014). The Gaussian 
redundant dictionary is used to recover the fECG signal very well when the scale 

parameter set is {2.5,3,3.5,4}k  . The scale parameter set corresponding to the noise 

component is {1.6,2}k  (Poian et al. 2016). All shift parameters ( ={1,2, ,N})k ka a

are set up for each scale parameter k  in this paper.  

 The original selected signal oX  is a signal segment with a sampling rate of 1kHz 

and a time length of 1 minute in the algorithm proposed in this paper. The length of the 

signal segment (1 60)ix i   intercepting the original oX  is =1000N  , in which 



each signal segment ix  is compressed by using the same binary sparse matrix   

according to the compressed sensing theory. The complete compressed signal is 

expressed 1 2 60[ , , , ]Y y y y=  , which i iy x=   represents the compressed signal 

segment. Three Gaussian redundant dictionaries are constructed according to the three 

sets of scale parameters k  of the Gaussian function. According to the equation

,i k k i
y U=  , the SL0 algorithm solves the compressed signal segment’s sparse 

solution iy   for each Gaussian redundant dictionary ( {1, 2,3})k k =  and 

measurement matrix   . The reconstructed maternal aECG signal 

,1 ,2 ,60[ , , , ]
k k k k

X x x x=  consisting of the reconstructed segment signal , ,k i k k i
x U=  

is shown in figure 3.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Fig. 3 The picture is part of using compressed sensing theory to compress and reconstruct the original 
signal. (a) The first 6s original signal of the 1st channel in the abdominal fetal ECG record a01 in 
training set A. (b) the binary sparse random matrix obtains the compressed observation signal. (c) The 
reconstructed signal with signal-to-ratio (SNR) of 44.98 is obtained according to the Gaussian 

redundant dictionary composed of a parameter set {5,6,7,8,9,10,12,15, 20,30,50}k  . (d) The 

reconstructed signal with signal-to-ratio (SNR) of 41.10 is obtained according to the Gaussian 

redundant dictionary composed of a parameter set {2.5,3,3.5,4}k  . (e) The reconstructed signal 

with signal-to-ratio (SNR) of 39.44 is obtained according to the Gaussian redundant dictionary 

composed of a parameter set {1.6, 2}k  . 



 

 

2.3. Pre-processing of reconstructed aECG signal and principal component 
extraction 

In addition to the main mECG and fECG signals, some other noise components can 
interfere with the measurement of pregnant women’s aECG signal, including power 
line interference caused by power frequency signal, high-frequency interference of 
maternal EMG, and fetal EEG, and motion artifact caused by maternal breathing and 
exercise. It is necessary to reduce the signal’s noise component for each reconstructed 

signal ( {1,2,3})kX k =  before the signal can be used because each reconstructed 

maternal aECG signal ( {1,2,3})kX k =  is mainly composed of mECG signal, fECG 

signal, and noise components. Firstly, the wavelet soft threshold de-noising is 

performed on each reconstructed maternal aECG ( {1,2,3})kX k =  to remove the high-

frequency component (Ouyang et al. 2002). The wavelet decomposition is then used to 
remove the baseline interference, including the P wave and T wave of the mECG 
component and motion artifact interference below 8Hz (Pan and Zhang 1999). Finally, a 
50Hz/60Hz notch filter is used to eliminate power line interference. The preprocessing 

result of a single reconstructed signal ( 1)kX k =  is shown in figure 4. 

 

 

The linear dimensionality reduction concept based on principal component analysis 
maps a high-dimensional signal to a low-dimensional orthogonal space. In this paper, 
the compressed signal reconstructs three signals with different Gaussian redundancy 
dictionaries, and the signal-to-noise ratio of the three signals is different. For these three 

 

Fig.4 A partial illustration of the preprocessing process of a single reconstructed signal 

( 1)kX k = . (a) Representative signal after removing high-frequency noise; (b) Removed low-

frequency baseline; (c) The pre-processed signal. 



reconstructed signals, we propose to use the PCA algorithm for dimensionality 
reduction. After the PCA algorithm processes the preprocessed signal, the result has 
three subcomponent signals in figure 5. We use the sample entropy to evaluate the 
subcomponent signal and select the component with the minimum sample entropy as 
the principal component because the principal component of the original maternal 
abdominal electrical signal is a pseudo-periodic.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

We take each signal’s average energy as the evaluation criterion to compare and 
analyze the selected principal component signal and the reconstructed three kinds of 
signals. The results are shown in figure 6. We use the signal’s average energy to measure 

 

Fig.5 The PCA algorithm results on the three reconstructed signals after preprocessing, in 
which the subgraph (a) represents the smallest signal on the sample and is also the optimal 
signal selected. (b), (c) represents other component signals. 



PCA’s effect and find that the principal component signal’s average energy is about 
three times that of the preprocessed signal. The results show that the principal 
component signal is the linear combination of the three preprocessed signals and the 
signal after enhancing the mQRS and fQRS complex. Therefore, we choose the signal 
with the minimum sample entropy as the optimal signal for the following algorithm. 

 
 

2.4. mQRS location  

2.4.1. Clustering-based mQRS location 

The clustering algorithm based on extreme value is used to locate mQRS initially, and 
mQRS correction is used to achieve the accurate location of mQRS to provide the basis 
for the perfect construction of the mECG template signal in this paper. The optimal 
signal’s extreme value is taken as the unlabeled data set, and the size of the extreme 
value is taken as the clustering feature. Euclidean distance is used as a measure of 
similarity to judge the clustering feature. The preliminary extraction of mQRS based 
on clustering is divided into the following two steps: In the first step, the signal polarity 
is judged according to the absolute value of the average value of the local maximum or 
local minimum of the signal X . The local maximum or local minimum is selected as 
the unlabeled data set according to the signal polarity, and then the k-means (Kanungo 
et al. 2002) clustering analysis is performed in the second step. The specific process is 
as follows: Firstly, the absolute values of the mean values of the local maximum and 
the local minimum are calculated respectively in the signal X . If the absolute value of 
the local maximum’s mean is greater than the absolute value of the local minimum’s 

 

Fig.6 The figure shows three kinds of reconstructed signals and the signal enhanced with 
PCA. (a), (b) and (c) The representative pre-processed signal. (d) The first principal 
component is extracted by the PCA algorithm. 



mean, it indicates that the optimal signal’s polarity X  is positive, and the local 
maximum is regarded as an unclassified data set E . On the contrary, it indicates that 
the optimal signal’s polarity X  is negative, and the local minimum value is selected 
as the unclassified data set E . The unclassified data set E  is divided into two preset 
categories, namely mQRS and non-mQRS, in this clustering process. The result of 
mQRS location extraction based on the clustering method is shown in figure 7.  

 

 

2.4.2. mQRS correction 

The false-negative and false-positive of the extracted mQRS were corrected as the 
reference (Liu et al. 2012). First of all, the local maximum function or local minimum 
function is selected to redetermine the maternal R peak position according to the 
polarity of the optimal signal X  and the preliminary location results of the clustering-
based mQRS. The local minimum function is used in the local interval of the maternal 
QRS complex’s width range around the R peak position of the clustering result by the 
polarity of the optimal signal X  is negative in our research. The average value RRm  
is then calculated according to the RR interval sequence near the median found in the 
RR interval sequence, which is used as the average value of the whole RR interval 
sequence in our research. The preliminary locating mQRS is corrected by the 

 

Fig.7 Some of the results in the process of locating mQRS complex based on clustering are 
shown in the figure. The ‘+’ represents the local maximum position, and the ‘*’ represents 
the local minimum position in figure (a). The ‘*’ denotes the non-mQRS class location, and 
the ‘o’ indicates that the clustering algorithm finds mQRS locations in figure (b). 



characteristics of each RR interval sequence. The ith  R peak of maternal ECG is 

defined ( 1,2, , )iR i N=  , where N  is the number of the R peak extracted by the 

clustering. Then the ith   RR interval sequence of mECG is defined 

1 ( 1,2, , )i i iRR R R i N+= − =  , set to a much more massive value than NR  . The 

average value of the absolute value of the R peak amplitude in the mECG signal is 

defined as Ra  . iR   or 1iR +   which is a falsely detected R peak under the 

i mRR a RRm    condition. If the 2 2 1| ( ) | | ( ) |i i i iR R RRm R R RRm+ + +− −  − −   is 

satisfied, it means that the iR   is the correct position and the 1iR +   need to be 

eliminated. Otherwise, this iR  needs to be removed. It is assumed that the amplitude 

of the signal corresponding to the position iR  is less than mb Ra , which indicates 

that the R peak of this iR  position is also falsely detected.  

 So, the RR interval average value must be recalculated to update RRm   after 

removing the excess iR , and the average value Ra  of the absolute value of R peak 

amplitude is updated simultaneously. The purpose of recalculation is to make the 
parameters RRm  and Ra  closer to the actual average values. The interval from the 

starting position of the signal to the first R peak is defined 1 1headRR R= − . The interval 

from the last R peak of the signal to the cut-off position is defined 

( )tail NRR length X R= −  . The length between headRR   and tailRR   is different from 

other RR intervals, so they are treated separately. Whether there is a missing R peak in 

headRR  interval and tailRR  interval is judged in this paper. If this condition of

head mRR c RRm   is satisfied, it indicates that there must be a missing R peak in the 

headRR  interval. The missing R peak needs to be found in a specific interval  

1 1,[ ]m mR d RRm R a RRm−  −   by the local minimum function. If this condition of

m head ma RRm RR c RRm     is satisfied, it indicates that an R peak may be missed 

in the headRR   interval. So, an R peak is searched in the specified search interval 



1[1, ]mR a RRm−  , and a second judgment is made on the search results simultaneously. 

If the second judgment condition ( ) mabs Ramp b Ra   is satisfied, the search result 

is a missing R peak; otherwise, the interval is regular. The Ramp  is the local minimum 

of the search interval. The process of dealing with tailRR  is similar to that of headRR . 

If the remaining iRR interval excluding headRR  and tailRR  is greater than mc RRm , 

it indicates that at least one R peak is lost in the iRR  interval. Otherwise, the iRR  

interval is regular. The number 1m   of R peaks that may be missing in the iRR  

interval is judged according to the /iRR RRm  value. The 1m  corresponding segments 

are divided from this iRR   interval, and the search interval of the R peak of each 

segment is: 

[ ( ) , ( ) ]n

m i m m i mT R m v n RRm h n RRm R m v n RRm= + +  −   + +    

1( 1,2, ,6, 1,2, , )n m m= =  . The initial value 1, 1m n= =  and n   add 1 in turn 

until a suitable R peak is found. The m  value is added by 1 to find the next segment’s 
peak until the end after finding a suitable R peak in this previous segment. The pseudo 

R peaks in 10 uniform segments were calculated separately at the iRR  interval, and 

six data near the median were taken as average to update Ra  . This condition of 

( ) mabs Ramp b Ra   is used to determine whether the searched R peak is finally 

retained. The proposed false-negative correction algorithm for the iRR  interval is 

summarized in algorithm 1. 
 

Algorithm 1 The process of false-negative correction for the iRR  interval 
Input: iR  iRR  RRm  Ra  mb   

Initialization: The number of R peaks that may be missing in the iRR  interval is
1 ( / ) 1im round RR RRm= − . =0.5mb . 

  if i mRR c RRm    
    for 11:m m=   

  for 1:6n =   

    The R peak is searched in the interval: 
[ ( ) , ( ) ]n

m i m m i mT R m v n RRm h n RRm R m v n RRm= + +  −   + +  , where the 



location of the searched R peak is newR , and the amplitude is Ramp  by using the 
local maximum or minimum function. 

    if ( ) mabs Ramp b Ra   

      newR  is reserved. 
      break； 

    end if 
  end for 

    end for 
  end if 
Output: 1[ , , , , ]i new iR R R +  

 

2.5. Elimination of mECG template signal 
The coherent averaging method is used to construct the mECG template for the optimal 
signal X . The two R peaks are selected to extend the selected RR interval to the same 
length as the maximum RR interval using interpolation when the interval between two 
consecutive R peak is normal, and the amplitude of the two R peak is also normal. The 
mECG single template is the average of the RR interval after stretching. The mECG 
single template is re-stretched to each RR interval’s actual length to construct the 
mECG template signal by connecting them beat by beat. The fine-tuning process (Liu 
Chengyu et al. 2014) is used to achieve the best match between the optimal signal X  and 
the reconstructed mECG template signal. The matching operation shifts the 
reconstructed mECG template signal to the left or right to achieve maximum correlation 
with the original signal X . The fECG signal is obtained by subtracting the fine-tuned 
mECG template signal from the original signal X . The mECG template signal and 
fECG signal are shown in figure 8. 
 

 

 

 



 

2.6. Pre-processing of fECG 

The extracted fECG signal is the ECG signal produced by the fetal heart and some other 
noises that exclude the mECG signal. The wavelet adaptive threshold de-noising 
method is used to remove the high-frequency components of the fECG signal. Then, a 
zero-phase high-pass filter is used to remove the low-frequency components below 
15Hz in our research. The preprocessing algorithm can effectively remove the noise 
and obtain a clearer fECG waveform with fQRS. The result of the preprocessed fECG 
signal is shown in figure 9. 
 

 

 

 

 

 

 

 

Fig.8 Part of the result of the extraction process of fECG signal is shown in the figure. (a): 
The optimal maternal aECG signal is extracted by the PCA algorithm. (b): An mECG 
template signal is extracted by a combination of coherent averaging and fine-tuning 
algorithms. (c): The fECG signal is obtained by subtracting the mECG template signal from 
the pregnant woman’s optimal maternal aECG. 
 



 
 

2.7. Clustering-based fQRS detection  

If the fECG signal’s polarity is positive, the local maximum is selected as the 
unclustered data set. If the polarity of fECG is negative, the local minimum is selected 
as the unclustered data set. The fECG signal’s polarity obtained from the single-channel 
sample signal selected in our research is positive, so the local maximum is selected as 
the unclustered data set. The local maximum-minimum pair (Zhang and Yu 2020) and the 
extreme value are used as clustering features to perform cluster analysis on the 
unclustered data set in this paper. Three categories are preset in two cluster analysis 
processes using k-means. The clustering results are shown in figure 10. 

According to the local maximum-minimum pair, the location result of clustering 

is defined as iPair  ( 1,2, , )i n= , where n   is the number of selected fQRS 

categories in the local maximum-minimum pair. The average of the eigenvalue 

corresponding to all iPair  positions is defined as PairM  . The fQRS location for 

clustering analysis based on the extreme value’s characteristics m  is the number of 
selected fQRS in the extreme value. The average of the extreme value corresponding to 

all iExtreme   positions is defined as ExtremeM  . The iPair   position is retained 

when the extreme value corresponding to the iPair   position is greater than 

0.6ExtremeM . The iExtreme  position is retained when the eigenvalue of the local 

maximum-minimum pair of the iExtreme  position is greater than 0.01PairM . The 

combination of two kinds of the fetal R peak left by the hard threshold method 

mentioned above is expressed as ( 1, 2, , )i if kPeak =  , where k  is the number of 

 

Fig.9 The preprocessing process of fECG signal. (a): The extracted original fECG 
signal. (b): The preprocessed fECG signal. 



initially extracted fQRS in fECG. The result of locating fetal R peak by combining 
clustering and threshold is shown in figure 10. 

 

 

 The false-positive and false-negative of fQRS were corrected. The idea of false-

positive correction for fQRS is to determine the 1i +  fetal R peak ( +1ifPeak ) of the 

fECG signal according to the i  fetal R peak ( ifPeak ) and the average value ( fRRm ) 

of the fetal RR interval. A prerequisite for this idea is that the first fetal R peak position 

is close to the real fetal R peak position. The fetal RR interval sequence fRR   is 

defined as: 

1= ( 1,2, , )i i ifRR fPeak fPeak i k+ − =                  (6) 

where 1kfPeak +  is set to a larger number in order to satisfy the condition of 

k f
fRR a fRRm  . The fRRm  is closer to the real fetal RR interval when the mean 

of the segment at position 3/4 of sorted fetal RR interval sequence is taken as the mean 

 

Fig.10 The figure shows the results of double clustering. The ‘*’ indicates that the clustered 
fQRS result with extreme value as the clustering feature; the ‘o’ indicates the clustered fQRS 
results with local maximum-minimum pair as clustering feature in figure (a). The results of 
excluding redundant non-fQRS positions by performing the threshold processing on the two 
clustering results are shown in figure (b). The combination of the two fetal R peak position 
left by the threshold method is shown in figure (c). 



fRRm  of the overall RR interval. The correction process of the false-positive of fQRS 

is summarized in algorithm 2.  

 

Algorithm 2 The correction of the false-positive of fQRS 

Input: fRR  ifRR  fRRm   
Initialization: 2n =  

  while  ( ) 1n length fRR −  

for : ( )i n length fRR=  

  if 
i f

fRR a fRRm   

    n i=  

    if 1 1 1(( ) ) (( ) )i i i iabs fPeak fPeak fRRm abs fPeak fPeak fRRm− + −− −  − −   

      1 =0ifPeak + ; break; 
     else 

      =0ifPeak ; break; 
    end if 
  else if 

f i f
a fRRm fRR b fRRm      

    When this condition is satisfied, it indicates that the ifRR  interval is 
regular. 

  else if 
f i f

b fRRm fRR c fRRm     

    When this condition is satisfied, there is one less fetal R peak in the ifRR  

interval. 
   if 1 1 1(( ) ) (( ) 2 )i i i iabs fPeak fPeak fRRm abs fPeak fPeak fRRm− + −− −  − −   

      1 =0ifPeak + ; break; 
     end if 
  end if 
end for 

( )previous length fPeak=   

The location =0ifPeak  is removed. 
( )new length fPeak=   

The fRR  interval sequence is reobtained for the remaining ifPeak  after the 
excess ifPeak  is removed. 

if =previous new=   

   break 

  end while 

Output: The result of the corrected false-positive of fQRS. 
 

The false-positive correction process proposed in our research may lead to a small 
error between the detected fQRS and the actual fQRS, which can be seen from the false-
positive correction results of fQRS in subgraph (b) in figure 11. Therefore, it is 
necessary to make a micro-correction to the above results to eliminate the error. The 

fetal R peak positions ( 1,2, , )ifPeak i m= were obtained from the result of the false-

positive correction. The fetal RR interval sequence is obtained according to the method 

mentioned above in the fetal R peak position sequence ( 1,2, , )ifPeak i m= . Usually, 



the average ( 1,2, , )kfRRm k n=   ( ( /10))n floor m=  of every ten consecutive fetal 

RR intervals 
j

fRR  was used as the template for the corresponding ten fetal RR 

intervals in the sequence fRR . However, this nfRRm  is used when there are less than 

ten 
j

fRR  in the final group. The micro-correction process is summarized in algorithm 

3. The results of applying the micro-correction described in algorithm 3 are shown in 
the subgraph (c) in figure 11. 
 

Algorithm 3 The micro-correction for the false-negative correction result of 
fQRS. 
Input: ifPeak  fRR  

j
fRR  kfRRm  m  n    

Initialization: ( /10)n floor m= , =20  
  for 1:k n=   

kfRRm  is corrected according to the average fRRm  of the overall fetal 
RR interval. 

for ( 1) 10 1: ( 1) 10 10j k k= −  + −  +   

  ( / )
j k

number round fRR fRRm=   

  If ==1number shows that there is no lack of fetal R peak in the 
j

fRR  

interval.   

    if 
j k

fRR fRRm  −  and +1 +
j k

fRR fRRm   

      It shows that the extracted position 1j
fPeak +  is ahead of the actual 

location, so we search for the next location in the clustering results to replace the 
false-negative correction location 1j

fPeak + . 
  Else 1number   

    if 
j k

fRR number fRRm   −  and +1 +
j k

fRR fRRm   

      The same micro-correction as above is performed in the case of 
missed number  fetal R peak. 

  End if 
End for 

Output: Accurate fetal R peak position ifPeak  except for missed detection. 
 

 

 

 

 

 

 

 

 

 

 

 



 
 

 The false-negative correction algorithm of fQRS is consistent with the mQRS 
correction algorithm 1 in section 2.4.2. It is only necessary to replace the RR interval 

average RRm  of the mECG with the fetal RR interval average fRRm  of the fECG. 

The results of false-negative correction for fQRS are shown in figure 12.  

 

 

 

 

 

 

 

 

 

 

 

Fig.11 The figure shows the results of correcting the preliminary results of double clustering. 
The ‘o’ indicates that the location of fQRS annotated by the expert is in the whole picture. 
The ‘*’ indicates that the results of detected fQRS by the method based on combining 
clustering analysis and hard threshold are in figure (a). The false-positive correction results 
of fQRS are shown in figure (b). The results of the micro-correction are shown in figure (c). 



 

 

3.Results 

3.1. Evaluation protocol 
The corresponding 50ms matching window is constructed with each fQRS location 
annotated by experts as a center in this paper (Zhang and Yu 2020). If the detected fQRS 
position is in the corresponding matching window, it indicates that the detected fQRS 
matches the reference fQRS. The criteria for evaluating the accuracy of the final fQRS 
location results are sensitivity (Se), positive predictive value (PPV), accuracy (ACC), 
and F1, following the ANSI/AAMI guideline (ANSI/EC57-2012).  

                           
TP
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TP FN

=
+                        （7） 

                         
TP

PPV
TP FP

=
+                        （8） 

                       
TP
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TP FP FN

=
+ +                     （9） 
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2

2
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F

PPV Se TP FN FP

 
=  =

+  + +             （10） 

 

Fig.12 The algorithm proposed in our research is used for the first channel’s one-minute 
signal in the maternal aECG record a01 in training set A. The fECG signal and the location 
results of fQRS are obtained in this figure, where ‘o’ is the fQRS location marked by experts, 
and ‘*’ is the fQRS location extracted by the algorithm proposed in our research. 



TP is the number of detected fQRS complexes that match the fQRS complexes 
marked by experts; FN is the number of fQRS complexes that exists but is not detected, 
which can be calculated by TP subtracting from the number of annotated fQRS 
complexes; FP is the number of the fQRS complexes that are detected but do not exist. 
If the detected fQRS complexes are within the 50ms window centered on each actual 
fQRS complexes position, they are considered to match, then TP+1; If they do not 
match, it means false detection, then FP+1.  

 The signal-to-noise ratio (SNR) is the ratio of the signal’s useful component to 
the noise. The performance of the reconstructed signal is evaluated using the SNR. 

 

2

10 2

( _ )
10*log ( )

( _ _ )

original signal
SNR

reconstructed signal original signal
=

−



       (11) 

 

3.2. Paraments optimization 

The threshold-related method proposed in our work has two steps: mQRS correction, 
fQRS correction. Each step contains some parameters to set. The parameters in every 
step are fixed, as shown in Table 1 and Table 2. In this paper, the false positive and false 
negative correction algorithm based on the threshold is used to correct mQRS. The 
threshold parameters are set according to the known typical waveform width and period 
of the mQRS complex. The regular maternal RR interval ranges from 0.6s to 1.0s. 
Bradycardia occurs when the RR interval is greater than 1.5s, and tachycardia occurs 
when the maternal RR interval is less than 0.5s. Besides, the typical QRS complex’s 
width is 0.06s-0.10s. Table 1 shows the specific parameters set based on the prior values 
of the maternal ECG waveform characteristics. 
 

Table1 Parameters of mQRS correction algorithm based on threshold 

thresholds Describes value 

ma  ma RRm represents the 

minimum of the normal 
maternal RR interval.  

 0.55   

mb  mb Ra  represents the 

minimum absolute value 
of the normal maternal R 

wave peak.  

 0.50   

mc  mc RRm  represents the 

maximum value of 
normal maternal RR 

interval.  

 1.55   



md   
 (maximum maternal RR 
interval in the sequence)/ 

RRm  

1.55md   

 mh   mh n RRm   represents 

the search interval.  

1.55mh n   

 mv   mv RRm  represents the 

translation step of the 
search interval.  

 0.05   

 

The result sequence of the preliminary location of the fQRS complex using the 
combined clustering analysis proposed in this paper is preprocessed, and the 
appropriate value is selected as the threshold, as shown in Table 2. 
 

Table2 Parameters of fQRS correction algorithm based on threshold 

thresholds Describes value 

f
a  

f
a fRRm  approximates 

the real fetal RR interval.  

 0.8  

f
b

 f
b fRRm  approximates 

two consecutive fetal RR 
intervals in the absence of 

one fetal R peak. 

 1.7  

f
c

 f
b fRRm  represents the 

maximum value of two 
consecutive fetal RR 

intervals in the absence of 
one fetal R peak. 

 1.9  

 

3.3 Performance evaluation 

The purpose of signal compression using compressed sensing theory is to reduce 
wireless transmission power in our research. SNR1, SNR2, and SNR3 are used to 
evaluate the quality of three signals reconstructed by three different Gaussian redundant 
dictionaries constructed respectively, according to mECG, fECG, and noise. The 
original signal is compressed with different compression ratio to find a balance point 
which satisfies both low compression ratio and high SNR as far as possible. a01 and 
r01 records are compressed and reconstructed with different compression ratios, and 
the specific SNR results are shown in Table 3 and Figure 13. The effect of different 
compression ratios on the SNR of the reconstructed signal is studied according to Table 
3 and Figure 13. Our study’s relative equilibrium point is 75% of the signal compression 
ratio when the signal-to-noise ratio of the reconstructed signal begins to increase slowly. 



 

Table3 The influence of different compression ratios on the signal-noise ratio of the 
reconstructed signal on the original signal. 

Compression SNR1(%)  SNR2(%)  SNR3(%)  

ratio (%) r01 a01  r01 a01  r01 a01  

60 37.14 34.60 42.91 41.52 28.59 30.37 

65 40.26 37.18 42.92 41.27 33.29 32.69 

70 42.40 42.28 42.72 40.66 36.23 38.22 

75 46.51 45.26 43.02 41.45 40.25 40.53 

80 48.64 45.71 42.65 41.76 42.06 41.41 

85 49.03 47.21 42.47 41.94 42.41 43.11 

90 50.17 48.25 43.09 42.04 43.25 43.00 

 

 

Two clinical databases, the abdominal and direct fetal ECG database (adfecgdb) 
and the 2013 Cardiology Computer Challenge training set (challenge/2013/set-a), are 
used to verify the proposed method’s effectiveness. It should be noted that some signals 
in the database may be affected by severe artifacts and noise, and some fECG 
components might be undetected due to improper electrode position. Therefore, it is 
necessary to select some records and channels with good signal quality to verify the 
algorithm’s performance proposed in our research. So, we choose signals with better 
quality under the guidance of some experts. The fQRS extracted results of record a01 
are shown in figure 14 by using the algorithm proposed in our research. Tables 4 and 5 

 

Fig.13 The influence of different compression ratios on the signal-noise ratio of the 
reconstructed signal on the original signal. 



show the detection results and performance of the selected fQRS containing relatively 
complete records of useful information in two databases using the proposed algorithm. 
Each color indicates that multi-channel signals in a record are selected. The new 
algorithm proposed in our research is verified on two publicly available data sets. the 
averages of these indicators are Se=98.53%, PPV=98.28%, ACC=96.95%, and 
F1=98.43% for Silesia data sets, and Se=97.59%, PPV=97.63%, ACC=95.44%, and 
F1=97.62% for the challenge datasets A. It lays a foundation for the realization of 
portable FHR monitoring equipment interacting with the hospital. 
 
Table4 Performance metrics of the fQRS detection in Abdominal and Direct Fetal Electrocardiogram Database 

records Channel Se(%) PPV(%) ACC(%) F1(%) Annotated 
fQRS 

Detected 

fQRS 

fQRS 

error 

r01 2 100 100 100 100 129 129 0 

r04 3 

5 

97.60 

96.00 

96.83 

95.24 

94.57 

91.60 

97.21 

95.62 

125 

125 

126 

126 

1 

1 

r07 3 

5 

100 

100 

100 

100 

100 

100 

100 

100 

127 

127 

127 

127 

0 

0 

r08 2 97.73 97.30 95.56 97.73 132 132 0 

r10 2 

3 

97.66 

99.22 

97.66 

99.22 

95.42 

98.45 

97.66 

99.22 

128 

128 

128 

128 

0 

0 

average  98.53 98.28 96.95 98.43    

 
Table5 performance of the fQRS detection on PhysioNet/CinC Challenge 2013 Set A 

records Channel Se(%) PPV(%) ACC(%) F1(%) annotated 
fQRS 

Detected 

fQRS 

fQRS 

error 
a01 1 96.55 96.55 93.33 96.55 145 145 0 

a03 2 99.22 99.22 98.45 99.22 128 128 0 

a04 1 100 100 100 100 129 129 0 

a05 1 100 100 100 100 129 129 0 

a12 1 

2 

4 

98.55 

97.83 

93.48 

98.55 

97.12 

92.81 

97.14 

95.07 

87.16 

98.55 

97.47 

93.14 

138 

138 

138 

138 

139 

139 

0 

1 

1 

a15 1 100 100 100 100 134 134 0 

a19 2 

4 

100 

100 

100 

100 

100 

100 

100 

100 

127 

127 

127 

127 

0 

0 

a20 4 96.18 94.74 91.30 95.45 131 133 2 

a22 1 100 100 100 100 126 126 0 

a23 2 

3 

4 

97.62 

96.03 

98.41 

97.62 

96.03 

98.41 

95.35 

92.37 

96.88 

97.62 

96.03 

98.41 

126 

126 

126 

126 

126 

126 

0 

0 

0 

a24 2 

3 

4 

96.75 

96.75 

95.93 

96.75 

96.75 

95.93 

93.7 

93.7 

92.19 

96.75 

96.75 

95.93 

123 

123 

123 

123 

123 

123 

0 

0 

0 



a25 4 95.20 94.44 90.15 94.82 125 126 1 

a35 1 

2 

3 

95.15 

95.15 

96.97 

96.32 

96.91 

96.07 

91.81 

92.35 

94.12 

95.73 

96.02 

96.97 

165 

165 

165 

163 

162 

165 

2 

3 

0 

a44 1 

2 

3 

4 

98.77 

99.39 

98.77 

97.55 

98.77 

99.39 

98.77 

98.15 

97.58 

98.78 

97.58 

95.78 

98.77 

99.39 

98.77 

97.85 

163 

163 

163 

163 

163 

163 

163 

162 

0 

0 

0 

1 

a49 2 

3 

99.32 

99.32 

99.32 

99.32 

98.66 

98.66 

99.32 

99.32 

148 

148 

148 

148 

0 

0 

a65 2 

4 

92.36 

95.83 

92.36 

95.83 

85.80 

92.00 

95.83 

95.83 

144 

144 

144 

144 

0 

0 

a72 1 

2 

3 

99.40 

99.40 

94.61 

99.40 

100 

96.34 

98.81 

99.40 

91.33 

99.40 

99.70 

95.46 

167 

167 

167 

167 

166 

164 

0 

1 

3 

average 97.59 97.63 95.44 97.62    

 

 The fourth channel signal under the recoding signal a25 is used to verify the 
algorithm’s extraction performance under some segmental strong noise background. It 
can be seen from figure 14 that the double clustering joint algorithm and the improved 
false-positive algorithm proposed in our research for fQRS location can also accurately 
locate fQRS under the background of strong noise. 

 
 

 

Fig.14 fQRS location results are shown in the figure under strong noise interference. 



4.Conclusion 

The problems of single-channel signal compression and reconstruction, enhancement 
of mQRS and fQRS complex, maternal R wave detection, and fetal R wave detection 
based on the application of portable single-lead abdominal electrical signal acquisition 
equipment on the Internet of thing are proposed. In this paper, a single-lead abdominal 
fQRS complex localization method based on compressed sensing and clustering is 
proposed according to the above problems. The compression and reconstruction of 
single-channel maternal abdominal ECG signal are proposed based on compressive 
sensing theory, which greatly reduces wireless transmission power consumption. In 
reconstruction, a method to reconstruct various original signals based on different 
Gaussian redundant dictionaries is proposed. The single-channel enhanced mQRS and 
fQRS signals are then obtained by using the principle of PCA reduction and 
enhancement. Besides, the research results show that the proposed method shows 
superior visual and statistical performance in the presence of noise. The single-channel 
fetal ECG signal extraction algorithm proposed in this paper has much practical value, 
which is especially suitable for low-cost family fetal heart monitoring Internet of things 
system. However, the algorithm not only has these advantages but also inevitably has 
its limitations. The algorithm proposed in this paper has not been able to process the 
data in real-time, and the process of real-time processing of fetal ECG signals remains 
to be further studies. 
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