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Abstract—Cardiac abnormalities are one of the main problems
present in newborns. They can cause fetal death. If they are
detected in time, it is possible to cure or to take all necessary
precautions during childbirth. Our work proposes a method for
detecting cardiac arrhythmias in the fetus by using digital filters
and discrete wavelet transforms. On the basis of signals from the
database DaIS, our method detects the wave of fetal QRS, in the
first level of DWT decomposition and computes the fetal heart
rate FHR. A comparison between the FHRr, derived of the
reference signal FECG and our results, shows the performance of
the proposed method.

I. INTRODUCTION
At present, the recording of non-invasive of fetal
electrocardiogram (FECG) and variability analysis of fetal heart
rate, seems to be the most promising approach to detect fetal
hypoxia and can provide an effective means to monitor the
functioning of the fetal heart and can be used for early detection
of cardiac abnormalities.
The main problem is to obtain a good quality of
information extracted from the mixture maternal and fetal ECG,
and compared with reference signals derived from a set of
sensors placed on the belly of the pregnant woman.
The fetal ECG signal, is highly distorted by maternal
component which dominates the energy, however, the recorded
signals have a very low signal / noise ratio so it is impossible to
use them directly. The goal of our research is to provide new
solutions to this problem. Various research efforts have been
devoted in FECG extraction. The wavelet transform (WT) has
been proposed for fetal ECGs processing. Furthermore,
wavelet-based multiresolution analysis has been proposed for
noise removal [1]. Different techniques for noise removal
or/and detection of fetal waveforms have been used. More
specifically, a biorthogonal quadratic spline wavelet was
considered and the detection of the singularities were obtained
using the modulus maxima [2]. The most recent ones include
algorithms based on singular value decomposition [3,4], auto
and cross-correlation techniques [5], adaptive filtering [6,7],
orthogonal basis functions [8], fractals [9], FIR neural networks
[10], IIR adaptive filtering combined with genetic algorithms
[11,12], fuzzy logic [13], frequency tracking [14] and real-time
signal processing [15]. In addition, independent component
analysis for blind source separation has also been applied
[16,17]. Most methods are based on the extraction of FECG
signal fetal, in order to determine the FHR. Our work is
interested in filtering the wave of QRS signal FECG, from the
signal mixture (FECG + MECG).
The basic idea in our study, is to compute the heart rate of
the fetus by using the digital filters (RII and RIF) and discrete
wavelet transform (DWT). This method can provide an
effective means to control the operation of the fetal heart and
can be used to detect early cardiac abnormalities.

II. DATABASES
ECGs are selected from records of the database Daisy
(Database for the Identification of Systems) [18]. This base was
established by researchers to be used as a reference in this field.
Each record has been annotated independently, and contains
visible artifacts and various forms of QRS. Each ECG has a
duration of 10 seconds, sampled at a frequency fe = 250 Hz.
For each record, we have three types of signals: one
representing the maternal ECG (MECG), the second (YECG)
collected in mother's abdomen, is the mixture of the FECG
MECG fetal and the third signal, is the fetal signal FECG, it
will used as a reference to validate our results.
III. METHODS
Our idea is based on the following methodology:
- From reference signals (MECG and FECG), we determine the
heart rates of the
fetus and the mother
- we filter the mixed of QRS (the fetus and the mother) from
YECG.
- we decompose the filtered YECG by DWT into coefficients
of approximations and
details.
- we extract the fetal heart rate which is in detail coefficients
to identify.
A. Discrete Wavelet Transform (DWT)
ECG signals that we used are non-stationary, so we have
selected for their processing, the discrete wavelet transform.
This implementation is chosen, because it uses filter banks. Our
idea is to determine the level of DWT decomposition, which
contains the frequency band of the fetal QRS. The FHR is
determined, with used a series of IIR filters.
The wavelet transform is very appreciated in the processing
of non-stationary signals. Its discrete version DWT is very
interesting because it highlights the frequency bands of ECG
signal.
The wavelet transform replaces the Fourier transform
sinusoid by a family of translated and dilated versions of a
same function. This function, called mother wavelet, Ψ is an
oscillating finite dimension windowing function [19].
Translated and dilated version of Ψ,
(also called
daughter wavelet) is given by:
-

(1)

where τ and s stand for time-translation and dilatation scale
respectively. Decomposing a function into wavelets is to write
it as a weighted sum of these daughter wavelets obtained from a
chosen mother wavelet function . In practice, discrete values
for translations and scales are used so that the wavelet functions
can be assimilated to band pass filters defining the details of the
analyzed signal. These wavelets are dyadic; i.e., the discrete

values of s and τ s are such as s=s0m and τ=n s0-m τ0 with s0=2
and τ0=1. The discrete wavelet expression is then given by:
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The implementation of the orthogonal wavelet transform
DWT is done by applying a fast algorithm based on filter
banks.
For this purpose, two FIR filters (Finite Impulse Response) g
and h are regarded. They break the signal into a coarse
approximation (low frequency part) and detail information
(high frequency part). So they have low pass and high pass
characteristics respectively. To keep the same number of
samples in input and output, the convolution products resulting
from the filters are sub sampled by a factor of two. Only the
output of low pass filter, in other words the approximation, is
another time processed by these two filters and so on.
1) The Wavelet Choice : In any application that uses the
wavelet treatment, we are faced with the problem of choosing
the optimal wavelet. In the case of the ECG, this choice must
take into account conflicting constraints: reconstitution error
and decomposition level.
In fact, a high value of reconstruction error, disadvantage
the wavelet taken, while a low value of it, minimizes and also
avoids to relocating information. These considerations led us to
submit YECG signal to a wide variety of wavelet to provide an
overview of their error estimate depending on the level of
decomposition and deduce some wavelets particularly well
suited our signal YECG.
after decomposition of DWT, to 8 levels , the quality of
reconstruction (or the choice of the wavelet) for each level is
evaluated by the mean square error (MSE). This error is defined
by:
(4)
Where:
: original signal
: reconstitued signal
: sampled number
B. QRS Detection
During a Holter recording, it is common to observe a
significant variation the isoelectric line (baseline), changes
mainly due to patient movement, it is the plot that would be
observed on an ECG when the heart had no electrical activity
figure 1. The objective of automatic processing of such a signal,
it is to pinpoint the "zero". The methods most often used to
estimate changes of the baseline are developed from low-pass
filters [20].
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The detection of QRS complexes is an important step in any
analysis of the ECG signal. The algorithm consists to use;
 Bandpass filtering: the R waves have a maximum energy
in the band 5-15 Hz.
 Derivation: The QRS complex is short (between 0.02
and 0.2 seconds) and high amplitude. the derived from
the signal at this level , present the maximum values.
we therefore continue the signal processing by applying
a digital shunt filter .
 To accentuate the contrast shown by the derivation, the
square is raised the resulting signal, thereby also
eliminating the sign and ensure the detection of
symmetry between R waves and Q waves.
 The integration of signal, tracking by low pass filter
achieves a unique maximum for each complex
 Following the previous treatment, the available signal is
an absolute maximum for each QRS complex, it also has
other local maxima of lower amplitude in general, which
correspond either to noise or waves T . At this step we
search the maxima without take account the maximums
too low.
C. FHR detection
After detection of QRS complex, we need to make a
threshold in time and amplitude, in order to determine the R
pikes. The computing the RR segment allows us to achieve an
average over all segments RR calculated on a total of 21 cycles.
IV. Results and Discussion
The first phase of our work requires the choice of lifted
wavelet the best suited to our YECG signal. We studied the
influence of wavelet analysis of the cardiac signal (YECG)
reconstituted after a decomposition of order 8 by the
application of DWT. The quality of reconstruction (or the
choice of the wavelet) for each level is evaluated by the mean
square error (MSE) of the equation (1).
We designed an algorithm that applies the DWT to YECG
signal using wavelet Bi-orthogonal from Matlab , satisfying
condition of reconstitution.
The steps are as follows:
 Develop a matrix of biorthogonal wavelets.
 Select 8 levels of decomposition.
 Calculate the MSE for each level corresponding to the
chosen wavelet and store the result in a matrix (wavelet,
level, error).
The wavelet best suited to our Record YECG is the bior2.4,
since it has a minimum error across all eight levels.
As we mentioned earlier, for each record, we have three
types of signals: one representing the maternal ECG (MECG),

the second (YECG) collected in mother's abdomen, is the
mixture of the FECG MECG fetal and the third signal, is the
fetal signal FECG, it will used as a reference to validate our
results.
The method that we have set for the extraction of the fetal heart
rate is as follows:
1. Determination of reference heart rate , of the
signal of mother and fetus MFHRr FHRr by
applying the algorithm of PAN and Tompkins
2. Digital filtering of QRS complexes (mother +
fetus) from the mixed signal YECG, we obtain the
signal YQRS.
3. Decomposition by DWT, the filtered YQRS signal
in four levels of detail.
4. Extraction of the fetal heart HFR, by Pan and
Tompkins, algorithm.
5. Identification of the level containing the
decomposition by comparing the FHR and FHRr.
The R peak detection R, requires a band-pass filtering of the
QRS complexe between 5 and 15Hz. For this, we used a
combination of two digital filters: low pass and high pass with
frequencies of cutoff of 15Hz and 4Hz. In our case we applied
two Butterworth filters of order 4.
We continue the processing with a derivator filter which
detects abrupt changes in slope of the signal and therefore the
QRS complexes.
We squared signals obtained after derivation, to remove the
sign and ensure symmetry of the detection, between the R
waves.
The signal integration by means of an integrating filter of
order 10, provides a unique maximum for each complex. The
size of the integration window should be adapted to the average
width of a QRS complex is 0.2 s.
To remove residual noise of the high frequency, the signal
obtained is filtered by a low pass Butterworth filter of order 1
and the cutoff frequency 5 Hz.
The R peak detection , is performed by an adaptive
thresholding of the filtered signal .
The result of these phases is illustrated in Figure 2.

M(batt/mn) =
TABLE II.

= 78beat /mn
FETUS RR SEGMENTS FROM REFERENCED SIGNAL FECG

RR(i)

RR1

RR2

RR3

RR4

RR5

RR6

RR7

Temps(s)

0.360

0.912

0.448

0.456

0.448

0.448

0.452

RR(i)

RR8

RR9

RR10

RR11

RR12

RR13

RR14

Temps(s)

0.444

0.448

0.444

0.444

0.448

0.444

0.444

RR(i)

RR15

RR16

RR17

RR18

RR19

RR20

Temps(s)

0.448

0.444

0.444

0.448

0.448

0.448

RRmoy =
F (beat/mn) =

= 0.4486 s.

FHRr = 2.2293 Hz.

= 132 beat/mn.

The results of table 2, show that the fetal heart beats stronger
than the mother, and her heart rate is almost double the mother
frequency. The found frequency is less than 160 beats / min,
which ensures that the fetal heart is healthy.
After having determined the FHRr that will allow us to
validate our method of detecting heart rate, we start the
procedure we propose in this paper. We begin with a band-pass
filtering [5-15] Hz signal YECG presented in figure 3, to keep
only the information for two QRS of mother and fetus.

Fig.3.
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R peak detection

We realized an average over all segments RR calculated on a
total of 12 cycles, Table 1 shows the results.
TABLE I.

MOTHER RR SEGMENTS FROM REFERENCED SIGNAL MECG

RR(i)

RR1

RR2

RR3

RR4

RR5

RR6

Temps(s)

0.732

0.7

0.676

0.684

0.716

0.732

RR(i)

RR7

RR8

RR9

RR10

RR11

RR12

Temps(s)

0.736

0.78

0.792

0.776

0.744

0.752

RRmoy 

1 12
 RRi  0.7350s
12 i 1

FHM = 1.3605 Hz.

After the decomposition of YQRS signal, like it shows in
figure 4, in wavelet coefficients , our idea is to seek the detail
that includes the band frequency where the fetal QRS, be
found, to computing the heart rate FHR. For this we proceeded
as follows:
• Decomposition of the signal into four levels of detail.
• Reconstruction of the coefficients for each level of detail.
• Application for each reconstructed signal, the steps (2-5)
Pan and Tompkins
algorithm.
• Find the detail containing fetal heart rate
The choice of the bior2.4 wavelet for the decomposition of
the YQRS signal gives the detail coefficients illustrated in the
figure 5.

Heart rate taken from the first level of detail is very close to
the reference heart rate of the fetus, FHRr .
We conducted a series of filtering and the thresholding over
the reconstructed signal from the detail coefficient of the
second level. On this level we have found the heart rate of the
mother, as shown in Table 4.
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We performed all the steps mentioned, on the reconstructed
signals from the coefficient of detail as it illustred in figure 6 .
The FHR was detected at the first level of coefficient of detail.
The extraction of RR segments allowed us to calculate the
heart rate contained in the signal reconstructed from the detail
coefficient of the first level.
We performed an average over all segments RR calculated
on a total of 21 cycles, the table 3 shows the results.
TABLE III.

RR SEGMENTS FROM RECONSTRUCTED SIGNAL OF DETAIL
COEFFICIENT OF FIRST LEVEL

RR(i)

RR1

RR2

RR3

RR4

RR5

RR6

0.216

0.476

0.448

0.308

0.612

0.44

RR(i)

RR8

RR9

RR10

RR11

RR12

RR13

RR14

Temps(s)

0.616

0.388

0.428

0.492

0.252

0.672

0.404

RR(i)

RR15

RR16

RR17

RR18

RR19

RR20

RR21

Temps(s)

0.464

0.396

0.4160

0.512

0.224

0.688

0.428

=132 batt/mn.

RR7
0.74

RR8
0.772

0.312

RR9
0.776

= 0.7323 s.

RR4
0.708

RR5
0.704

RR10
0.792

RR11
0.748

RR6
0.736
RR12
0.724

Fc = 1.363 Hz.

= 78 batt/mn

By applying the same procedure on a database of 100
different records, we could detect the FHR at the first level of
detail of the DWT. At the second level , we detect the MHR.
V. Conclusion
Congenital heart defects are among the most common
malformations at birth and the first cause of death among
newborns. Most heart defects are visible in the morphology of
cardiac electrical signals, which are recorded by
electrocardiography which seems to contain more information
compared to conventional sonographic.
With the present work that we propose, the well-being of
the fetus is monitored throughout the duration of pregnancy,
uterine contractions and during childbirth. The diagnosis of
abnormalities in fetal heart rate is notified in time and therefore
doctors can take action before any complications.
We started by digital filtering of QRS complexes (mother +
fetus) from the YECG signal , we obtained the signal YQRS.
After, we decomposed by DWT, the filtered YQRS signal in
four levels of detail. By using series of digital filters and the
thresholding we Extracted of the fetal heart HFR.
Extraction of heart rate (FHRr and MHRr) from reference
signals allowed us to validate our results.
From a statistical study of 100 records, we could detect the
FHR, from the reconstruction of the details coefficients of the
first level of decomposition of YQRS signal by the DWT.
The advantage of our method is that it does not require the
extraction of fetal signal FECG , but only the extraction of fetal
QRS of signal YECG.
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