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Abstract

Fetal heart rate extraction from the abdominal ECG is
of great importance due to the information that carries in
assessing appropriately the fetus well-being during
pregnancy. In this work a novel automated method is
presented for the detection of the QRS complexes of the
fetus cardiac activity using multi-channel maternal ECG
recordings. No accessory preprocessing step for noise
filtering is required. The method is based on the complex
continuous wavelet transform and modulus maxima
theory. The proposed method was validated using real
signals, recorded at different weeks of gestation, covering
most of the pregnancy period. The system performs well,
since almost all fetal beats are detected (accuracy:

99.5%).

1. Introduction

The recording of fetal electrocardiogram (FECG) is a
simple and noninvasive method for monitoring the
electrical activity of the fetus heart (Fig. 1). Like the
standard ECG, which reflects cardiac and metabolic
activity, FECG is potentially a sensitive indicator of fetal
health state. A common situation in ECG signal
acquisition is the presence of noise, which deteriorates the
signal’s quality decreasing the signal-to-noise ratio
(SNR). The sources of interference when acquiring the
abdominal signals are: the maternal ECG, the myographic
noise, the powerline interference, the fluctuation of the
baseline and factors related to the gestation week. More
specifically, the maternal influence in the composite
signal has two main characteristics: (i) its spectra
overlaps with that of the fetus and (ii) its energy is
estimated to be more than 75% of the total signal’s

energy. Moreover, the abdominal FECG signal is
characterized by a poor SNR, while its shape depends on
the position of the electrodes, as well as on the gestational
week. The fact that there is no standard electrode
positioning for optimizing acquisition makes the problem
of automated fetal heart rate extraction (FHR) more
complex.
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Fig. 1: Abdominal ECG recording, F: Fetal influence,
M: Maternal influence.

Various research efforts have been devoted in FECG
detection and FHR extraction. The most recent ones
include algorithms based on singular value decomposition
[1,2], auto and cross-correlation techniques [3], adaptive
filtering [4,5], orthogonal basis functions [6], fractals [7],
FIR neural networks [8], IIR adaptive filtering combined
with genetic algorithms [9], fuzzy logic [10], frequency
tracking [11] and real-time signal processing [12]. In
addition, independent component analysis for blind
source separation has also been applied [13,14].

The wavelet transform (WT) is another approach that
has been proposed for fetal ECGs processing. Different
techniques for noise removal or/and detection of fetal
waveforms have been used. More specifically, a bi-
orthogonal quadratic spline wavelet was considered and
the detection of the singularities were obtained using the
modulus maxima [15]. Also, the Gabor-8 power wavelets
combined with the application of the Lipschitz exponents
were applied to extract fetal QRS complexes and P and T
waves. Furthermore, wavelet-based multiresolution
analysis has been proposed for noise removal [16].



The aim of this paper is to present a method for the
automated extraction of the FHR signal from the
composite maternal ECG. The determination of the FHR
is accomplished by finding the positions of the R-peaks.
These play a major role in the analysis and diagnosis of
cardiac diseases when the ECG signal is considered. Our
method employs complex wavelets (CWT), complex-
valued wavelet modulus maxima to detect the fetal R
peaks and a heuristic set of rules based on adaptive
threshold.

2. Methods
2.1. Complex CWT

CWT produces excellent results in mapping the
changing properties of non-stationary signals and is also
an ideal tool for determining whether or not a signal is
stationary in a global sense. For a non-stationary signal,
CWT can be used to identify stationary sections of the
data stream and locate and characterise singularities.

Given the input signal x(t), CWT is defined as:
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where * denotes complex conjugation, t is the time,
w(t) is the so-called mother wavelet, a (>0) is a scaling

factor, and b is the translation parameter. The weighting

function 1/ \/H is arbitrarily selected.

The complex CWT (CCWT) performs continuous
wavelet analysis of real signals using complex wavelets.
Complex-valued wavelet transform plays a special role in
signal analysis. The complex nature of wavelets provides
further improvement in signal detection compared to real-
valued wavelet analysis. The resulted complex-valued
time-frequency signal can be further analyzed by the
detection of significant attributes in its modulus and
phase. In this way, not only the waves can be detected but
also various shapes of the waves can be identified [17].

There are several complex-valued progressive
wavelets. The complex frequency B-spline wavelet
(fbsp), which has been used in our method, is defined as
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which depends on:

i. m, the integer order parameter (m > 1),

i. fb , the bandwidth parameter and

iii. f, the wavelet’s central frequency.

Thus, the wavelet can be represented as fbsp (m , fb o).

2.2. FECG extraction method

The method includes four stages (Fig. 2). First, pre-
processing is realised through signal averaging. Then, the
mother heart beats are recognised in the next stage and
the candidate fetal QRSs in the third stage. In the last
stage a heuristic algorithm is applied to detect the
overlapped fetal QRS points and discard the misdetected
(false positive) QRSs.

Stage 2 Stage 3
v CCWT 1 v CCWT 2
v Calculation of maternal v Calculation of fetal
threshold threshold

v Window Application
v Error-checking 1

v Window Application

v (Double) Error-checking 2

Mother QRSs Candidate Fetal QRSs
Stage 4

Heuristic Algorithm
IF CFP(i+1)-CFP(i)>1.5*(CFP(i)-CFP(i-1))
THEN a possible overlapped fetal QRS exists.
ELSEIF CFP(i+1)-CFP(i)<1.5*(CFP(i)-CFP(i-1))
AND CFP(i+1)-CFP(i)>0.45*(CFP(i)-CFP(i-1))
THEN continue with the next peak.
ELSEIF CFP(i+1)-CFP(i)<0.45*(CFP(i)-CFP(i-1))
THEN a misdetected (false positive) fetal QRS exists.

‘CFP: Candi Fetal Peak

Fetal Heart Rate

Fig. 2: The proposed 4-stage Fetal Heart Rate (FHR)
extraction method.

2.2.1. Stage 1: Signal averaging

Signal averaging is performed by adding the
amplitudes of the three recorded leads. In some channels,
FECG is not present. Hence, averaging makes the fetal R-
peaks to become distinguishable integrating the
characteristics of the three recorded leads in one.

2.2.2. Stage 2: Maternal QRS detection

In this stage the mother heart beats are identified using
the fbsp(3,1,0.5) wavelet. Using a scale of 1 for this
wavelet, the maternal QRS complexes are enhanced more
than the rest of the signal, thus, making their detection
feasible. The modulus of all wavelet transform
coefficients is computed. A threshold is calculated
automatically equal to 60% of the mean value of the
maternal highest points. The maternal QRS complexes
are represented by the maximum modulus values; hence
any point that exceeds this threshold belongs to a
maternal QRS.



2.2.3. Stage 3: Candidate fetal QRS detection

In this stage we identify the fetal heart beats including
the misdetected (false positive) QRS points but not points
which overlap with the maternal waveform. The
fbsp(1,1,0.5) wavelet with a scale 1 is applied. Having the
MHR detected, an amplitude threshold is estimated for
each interval between the two continuous maternal R-
peaks. This threshold is continuously updated keeping its
value equal to 60% of the highest value of the wavelet
coefficients modulus. In both stages 2 and 3 an additional
control mechanism is realised when a maternal or a fetal
QRS complex is divided in two windows.

2.2.4. Stage 4: Fetal heart rate detection

The detection of the overlapped fetal QRS and the
rejection of the misdetected QRS points is accomplished
using a heuristic algorithm. Having knowledge of the
Mother QRSs (MQRS) and the Candidate Fetal Peaks
(CFP) we extract the Final Fetal Peaks (FFP). This is
accomplished comparing CFP(i+1) - CFP(i) (difference
1) against CFP(i) - CFP(i-1) (difference 2). If difference 1
is larger than 150% of difference 2 then a possible
overlapped fetal QRS exists. Its presence is verified by
the existence of an intermediate maternal QRS, so the
fetal and maternal QRSs are considered to coincide. In the
case where difference 1 is smaller than 45% of difference
2 then a misdetected QRS point exists. So, we retain the
peak with the smallest amplitude value.

2.3. Dataset

In our study abdominal signals were used, which were
obtained from the FECG database of the University of
Nottingham [18]. More specifically, 15 short recordings
of 1 min in duration with three measurement locations for
improved signal acquisition were used. The three
channels of raw ECG data were recorded between the 20"
and 41™ weeks of gestation. The sampling frequency was
300Hz and 12-bit resolution was employed. The system
uses three pairs of electrodes placed around the mother’s
abdomen. We don’t use the thoracic signals but only the
abdominal recordings.

3. Results

The proposed system is validated using the above
described dataset. The obtained sensitivity and the
positive predictive accuracy in fetal R-wave detection
were 99.4% and 99.5%, respectively. More specifically,
in a total of 1975 fetal cardiac beats the proposed system
detected correctly 1954 beats (TP), missed 12 (FN) and
misdetected 9 (FP). Most of the missed QRS points are

located at the starting and ending segments of the
recorded signals and are due to the adaptive nature of the
proposed system. As for the misdetections, these are
located in areas with very low SNR. Table 1 summarizes
results which are obtained by other methods in the
literature.

Table 1: Summary of existing methods.

Author Method Acc*

Mooney et al., 1995 [4]
Camps et al., 2001 [8]
Khandaker, 2001 [10]
Ibahimy et al., 2003

Adaptive algorithm 100 %
FIR Neural Networks 91 %
Fuzzy Approach 89 %
Real-time signal

[12] processing technique 88 %
Khamene & Bi-orthogonal

Negahdaripour, 2000 quadratic spline 100 %
[15] wavelet

Proposed Method Complex CWT 99.5%
*Acc:Accuracy

4. Discussion and conclusions

A method for the automated detection of the fetal QRS
complexes was developed that uses ECG recordings from
the mother’s abdomen. It is based on CCWT and utilizes
the modulus of its coefficients. The thresholds applied to
the wavelet transform (stages 2 and 3) are estimated
automatically and discriminate the mother’s influence
from the fetus. A heuristic algorithm is applied to identify
the overlapping points with the MHR and discard the
misdetected QRS points.

We tested our method using real ECG recordings for
the whole gestation period. The proposed method proved
to be very efficient. It should be mentioned that there is a
lack of a standard reference database with MECG
recordings in the literature. That means that the proposed
methods in the literature cannot be directly compared
since they were evaluated using different datasets. The
majority of the proposed detection methods were tested
using either simulated signals [5,7,8,9,11,13,15] or a
small number of real recordings [1,2,5,7,8,9,13,14,15,16].
The synthetic register’s characteristics may be far from
those of a real signal since various types of noise are
embedded during an abdominal ECG recording.

We already know that wavelets have a potential
advantage for signals with a characteristic morphology
and especially for signals like FECG whose spectral
signatures are attributed to different waveforms.
Likewise, the complex nature of wavelets and usage of
modulus can provide better results in detecting
waveforms with a specific shape like fetal QRS
complexes. CWT and DWT have already been proposed



for extracting the FHR and the results are good enough
[15,16]. The CCWT proposed in this work further
improves the signal analysis using information from the
imaginary part of the wavelets. The automated
identification of the algorithm’s parameters increases the
system’s efficacy. In addition, our approach is
computationally fast and excels in performance when
compared with other methods already reported in the
literature. Finally, our system is able to extract the MHR
signal, which can be useful for parallel monitoring of the
mother’s health.

The proposed FECG detection method can be further
improved, in terms of noise handling. The presence of
noise in long duration MECG recordings is unavoidable
so proper filtering must be utilized. Moreover, a FECG
database with a substantial amount of real maternal
recordings should be developed to further evaluate our
method. The implementation of an automated method for
maternal and fetal health monitoring and diagnosis along
the pregnancy period is our future objective. The already
extracted maternal and fetal heart rate of the proposed
method can be used in order to be analysed by a set of
medical rules which can be defined in collaboration with
medical experts.

Acknowledgements

The present work was part supported by the European
Commision (IST-2001-38165) project: “LIFEBELT - An
intelligent wearable device for health monitoring during
pregnancy’.

References

[1] Partha PK, Sarbani P, Goutam S. Fetal ECG Extraction
from Single-Channel Maternal ECG Using Singular Value
Decomposition. Med Biol Eng Comput. 1997 January;
44(1): 51-9.

[2] Callaerts D, De Moor B, Vandewalle J, Sansen W,
Vantrappen G, Janssens J.Comparison of SVD methods to
extract the foetal electrocardiogram from cutaneous
electrode signals.Med Biol Eng Comput. 1990 May; 28(3):
217-24.

[3] Abboud S, Alaluf A, Einav S, Sadeh D. Real-time
abdominal fetal ECG recording using a hardware
correlator. Comput Biol Med 1992; 22 (5): 325-335

[4] Mooney DM, Grooome LJ, Bentz LS, Wilson JD.
Computer algorithm for adaptive extraction of fetal cardiac
electrical signal, Proceedings of the 1995 ACM symposium
on Applied computing, p.113-117, February 26-28, 1995,
Nashville, Tennessee, United States

[S] Martinez M, Sofia E, Calpe J, Guerrero JF, Magdalena JR.
Application of the Adaptive Impulse Correlated Filter for
Recovering Fetal Electrocardiogram.

[6] Longini R, Reichert T, Cho J, Crowley J. Near orthogonal
basis functions: A real time fetal ECG technique. IEEE
Trans Biomed Eng 1997; 24:29-43.

[7]1 Richter M, Schreiber T, Kaplan DT. Fetal ECG extraction
with nonlinear state space projections. Med Biol Eng
Comput. 1998; 45: 133.

[8] Camps G, Martinez M, Sofia E. Fetal ECG Extraction
using an FIR Neural Network. IEEE, Computers in
Cardiology, Computer Society Press, Rotterdam (The
Netherlands), 2001: 249-252.

[9] Kam A, Cohen A. Detection of Fetal ECG with IIR
Adaptive Filtering and Genetic Algorithms. IEEE
International Conference On ACOUSTICS, SPEECH,
AND SIGNAL PROCESSING. March 15-19, 1999 Civic
Plaza, Hyatt Regency - Phoenix, Arizona.

[10] Khandaker AKA. Fetal QRS Complex Detection from
Abdominal ECG: A Fuzzy approach. IEEE Nordic Signal
Processing Symposium, NORSIG 2000, Sweden, June
2000.

[11] Barros A.K. Extracting the fetal heart rate variability using
a frequency tracking algorithm. Neurocomputing. 2002;
49:279-288.

[12] Ibahimy MI, Ahmed F, Mohd Ali MA, Zahedi E. Real-
Time Signal Processing for Fetal Heart Rate Monitoring.
In: IEEE Med Biol Eng Comput, 2003 February; 50(2):
258-62.

[13] De Lathauwer L, De Moor B, Vandewalle J. Fetal
Electrocardiogram Extraction by Blind Source Subspace
Separation. IEEE Med Biol Eng Comput, 2000 May;
47(5):567-72.

[14] Zarzoso V, Nandi AK. Noninvasive Fetal
Electrocardiogram Extraction: Blind Separation Versus
Adaptive Noise Cancellation. Med Biol Eng Comput. 2001
January; 48(1): 12-8.

[15] Khamene A, Negahdaripour S. A New Method for the
Extraction of Fetal ECG from the Composite Abdominal
Signal. In: IEEE Med Biol Eng Comput, 2000 April;
47(4):507-16.

[16] Mochimaru F, Fujimoto F, Ishikawa Y. Detecting the Fetal
Electrocardiogram by Wavelet Theory-Based Methods.
Progress in Biomedical Research, 2002 September; 7(3):
185-93.

[17] Provaznik I, Ph.D. Wavelet Analysis for Signal Detection-
Application to Experimental Cardiology Research. In: Brno
University of technology, Faculty of Electrical Engineering
and Communication Department of Biomedical
Engineering.

[18] Pieri JF, Crowe JA, Hayes-Gill BR, Spencer CJ, Bhogal K,
James DK. Compact long-term recorder for the
transabdominal foetal and maternal electrocardiogram.
Med Biol Eng Comput. 2001; 39: 118-25.

Address for correspondence

Dimitrios 1. Fotiadis, Unit of Medical Technology and
Intelligent Information Systems, Dept. of Computer Science,
University of Ioannina,, GR 451 10 Ioannina, GREECE
e-mail:fotiadis @cs.uoi.gr



